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Kurzzusammenfassung

Multimodale Large Language Models (MLLMs) erweitern die Fähigkeiten großer Sprach-
modelle um das Verständnis nicht-textueller Eingaben wie Bilder und Audio. Obwohl
das Encoder-Bridge-LLM-Muster theoretisch modular ist, legen veröffentlichte Modelle,
mit dieser Architektur, die Wahl von Encoder, Bridge und Sprachmodell im Code fest,
sodass jeder Komponententausch und jede Modalitätserweiterung manuelle Implemen-
tierungsarbeit erfordert. Diese Arbeit überträgt das Paradigma intent-basierter Systeme
auf die Konstruktion von MLLMs. Entworfen und implementiert wird eine Plattform
aus zwei entkoppelten Komponenten. Der MLLM Designer, ein visueller Node-Graph-
Editor, erstellt eine Architektur aus Encoder-, Projektions-, Datensatz- und LLM-
Knoten und exportiert diese als deklarative JSON-Konfiguration. Die Engine liest diese
Konfiguration und setzt das Modell aus vortrainierten Komponenten zusammen. Dabei
werden ausschließlich die Projektionsschichten bei eingefrorenen Encodern und LLM
trainiert. Validiert wird die Plattform durch drei Experimente: Einen kontrollierten
Encoder-Tausch von CLIP zu SigLIP-2, die Erweiterung eines reinen Vision-Modells um
eine Audio-Modalität und eine Reproduktion der LLaVA-1.5-Stage-1-Architektur. Alle
drei Architekturänderungen ließen sich allein durch Konfigurationsänderungen durch-
führen. Die reproduzierte LLaVA-1.5-Stage-1-Architektur lag auf ScienceQA und MM-
Bench bei jedem Seed über dem Zufall. Der Encoder-Tausch verbesserte den MMBench-
Score, während die Audio-Erweiterung die Beschreibungsqualität bei gemeinsamer In-
ferenz verschlechterte. Deklarative Komposition liefert damit funktionsfähige Modelle,
jedoch bedeutet dies nicht, dass sie immer die beste Leistung erbringen. Abschließend
kann gesagt werden, dass die Plattform den Aufwand der MLLM-Konstruktion von der
Implementierung zur experimentellen Validierung des Entwurfs verlagert.
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Abstract

Multimodal Large Language Models (MLLMs) extend the reasoning abilities of Large
Language Models (LLMs) to non-textual inputs such as images and audio. Although
the prevailing encoder-bridge-LLM pattern is conceptually modular, published models
fix the choice of encoder, bridge, and language model in code, so every component
swap or modality extension requires manual implementation work. This work trans-
fers the paradigm of intent-based systems to the construction of MLLMs. A platform
of two decoupled components is designed and implemented. The MLLM Designer, a
visual node-graph editor, composes an architecture from encoder, projection, dataset,
and LLM nodes and exports it as a declarative JSON configuration. The Engine ingests
this configuration, assembles the model from pre-trained components, trains only the
projection bridges while keeping encoders and LLM frozen. The platform is validated
through three experiments, a controlled encoder replacement from CLIP to SigLIP-2,
the extension of a vision-only model with an audio modality, and a reproduction of the
LLaVA-1.5 Stage-1 architecture. All three architectural changes were expressed purely
through configuration edits. The reproduction of the LLaVA-1.5 Stage-1 architecture
scored above chance on ScienceQA and MMBench under every seed. The encoder swap
improved the MMBench score, while the audio extension degraded caption quality under
joint inference. Declarative composition therefore reliably yields functional models, yet
this does not mean that those models always achieve the best performance. Finally, the
platform shifts the effort of MLLM construction from implementation towards experi-
mental validation of the composed design.
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1 Introduction

Large Language Models (LLMs) have established themselves as general-purpose task
solvers, exhibiting capabilities such as in-context learning, instruction following, and
multi-step reasoning over text [85, 52]. Their success has motivated the development of
Multimodal Large Language Models (MLLMs), which extend the reasoning abilities of
an LLM to non-textual inputs such as images and audio [78, 69]. The prevailing archi-
tectural pattern for constructing such systems is modular [67]. A pre-trained modality
encoder extracts features from the non-textual input, a lightweight projection layer maps
these features into the embedding space of the language model, and the LLM performs
reasoning and response generation over the combined input [78, 81]. Because the en-
coder and the LLM remain frozen while only the projection layer is trained, this pattern
promises the free interchangeability of its components [81, 34].

In practice, this interchangeability is not operational. Published MLLMs are delivered
as self-contained code bases in which the choice of encoder, projection layer, and LLM is
fixed in model code and training scripts. Replacing a component or adding a modality
therefore means modifying that implementation, and as the review in Section 3 shows,
nearly all current integration methods require explicit code changes for such modifica-
tions. Beyond the model code itself, considerable engineering effort is embedded in the
surrounding integration logic. Embedding dimensions must be matched between en-
coder and LLM, each encoder expects its own preprocessor and input format, datasets
follow no common schema, and the training loop must be adapted to every architectural
variation. Composing or modifying an MLLM consequently demands both deep learn-
ing expertise and substantial implementation work, even when the intended change is
conceptually as simple as exchanging one encoder for a newer one.

A structurally similar problem has been addressed in systems and network operation
through Intent-Based Systems (IBS) [19]. There, the operator declares “what” the sys-
tem should look like in a declarative specification, and the system itself translates this
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1 Introduction

intent into the imperative steps that realize it, a paradigm popularized at scale by Ku-
bernetes [9]. This thesis transfers this paradigm to the construction of MLLMs. If the
architecture of an MLLM can be captured as an intent, then composing, extending, and
modifying such models reduces to editing a configuration rather than a code base.

1.1 Problem Statement

This thesis addresses the lack of an accessible framework for composing MLLMs from
interchangeable components without writing training code. The modular encoder–
projection–LLM pattern is conceptually plug-and-play, yet no available platform allows
a user to declare such an architecture, hand the declaration to a system, and receive
a trained, executable model in return. Every component swap, modality extension,
or architectural variation instead requires hand-written code changes to the model and
training code, which restricts systematic architectural experimentation to those who can
afford this implementation effort.

1.2 Research Questions

This work is guided by two research questions. The primary question, which constitutes
the central contribution of this thesis, is:

RQ1: Can a modular, intent-based platform be designed and implemented that en-
ables the composition, extension, and component-by-component replacement of MLLMs
without direct code changes?

A secondary question asks whether the models produced by such a platform are func-
tionally viable, thereby serving as a validation of the platform rather than as a claim of
state-of-the-art model performance:

RQ2: Do the models produced by the platform yield functionally adequate outputs, in
the sense of scoring measurably above chance on multimodal evaluation tasks?

The aim of this work is to design, prototype, and validate such a platform.

2
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1.3 Approach and Contributions

To answer these research questions, a platform consisting of two components was de-
signed and implemented as part of this thesis.

The contributions of this thesis are the following:

• An intent-based architecture for MLLM construction. The Intent Fulfill-
ment phase of IBS is mapped onto MLLM composition, with a declarative JSON
configuration acting as the single source of truth from which models are built (see
Section 4).

• The MLLM Designer. A React Flow-based visual editor through which MLLM
architectures are composed via drag-and-drop and serialized into the intent con-
figuration without exposing any model code to the user.

• The Engine. A backend that translates the intent into an executable model,
trains the projection layers on specified data, and exports the result as a runtime
bundle that runs independently of the platform.

• An experimental validation of declarative MLLM composition. Three
experiments demonstrate component replacement, modality extension, and the
reproduction of a published architecture entirely through configuration edits (see
Section 5).

1.4 Thesis Outline

The remainder of this thesis is structured as follows. Section 2 introduces the tech-
nical foundations, covering LLMs and the Transformer architecture, embedding spaces,
MLLMs, and the intent-based paradigm together with its declarative deployment model.
Section 3 reviews related work on integrating non-textual modalities into LLMs and
categorizes existing approaches into parameter-efficient fine-tuning, modular bridging
architectures, unified embedding spaces, and LLM-as-controller frameworks. Section 4
presents the architecture of the platform, detailing the intent-based design, the MLLM
Designer, and the Engine. Section 5 describes the three experiments conducted to val-
idate the platform, including their setup and results. Section 6 interprets these results
with respect to the research questions. Section 7 concludes this work by describing the
limitations of the prototype and outlining directions for future work.
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2 Foundations

2.1 Large Language Models

LLMs represent a major advance in artificial intelligence (AI), defined as transformer-
based models containing billions of parameters, pre-trained on massive text datasets
[52, 85]. Functioning as statistical language models, LLMs encode a probability dis-
tribution over sequences of words, allowing them to predict linguistic patterns [7]. The
underlying Transformer architecture (see Section 2.1.1) is key to their success, as it relies
on attention mechanisms instead of recurrence, enabling efficient handling of large token
sequences and strong capabilities in language understanding, generation, and problem-
solving [10, 8]. Models like the GPT [53] and LLaMA [64] series exhibit emergent
abilities, such as in-context learning, which allows the model to perform new tasks by
learning from examples presented directly in the prompt without parameter updates
[52, 14], instruction following, and multi-step reasoning, also called Chain-of-Thought,
which are absent in smaller models and establish them as general-purpose task solvers
[85]. These capabilities allow LLMs to be used across diverse applications, ranging from
automated translation and summarization to domain-specific tasks like generating code
or acting as the core reasoning engine within MLLMs (see Section 2.2).

2.1.1 Transformer

The 2017 paper “Attention Is All You Need” introduced the Transformer architecture,
which replaced recurrence-based sequence modeling [66]. Prior to this, sequence-to-
sequence tasks like machine translation or language understanding were dominated by
Recurrent Neural Networks [24], Long Short-Term Memory networks [31] and Convolu-
tional Neural Networks [39]. These architectures faced limitations regarding sequential
computation and long-range dependencies.

4



2 Foundations

The Transformer removed recurrence and convolution entirely, relying instead on a self-
attention mechanism [66]. Its architecture consists of an encoder-decoder stack that
uses layered, repeated blocks containing a Multi-Head Self-Attention mechanism and a
position-wise Feed-Forward Network [66]. The central innovation is “Scaled Dot-Product
Attention”, which allows the model to attend to the entire sequence at once, determining
the influence each element has on others without regard to its distance in the sequence
[66]. This architecture has been shown to surpass state-of-the-art performance while
being more parallelizable and requiring less time to train [66], becoming the foundation
for modern LLMs.

2.1.2 Embedding Space

An embedding in machine learning is a numerical representation of discrete, high-
dimensional data, like words or images, as continuous, lower-dimensional vectors [51, 50].
Embeddings convert non-numerical, symbolic data into a numerical format that neural
networks can process, since machine learning models operate exclusively on numerical
data [59]. An embedding space or latent space is an embedding of a set of data items,
for example words [51, 50].

The fundamental principle of an embedding space is that semantic relationships are
encoded as spatial relationships. Items with similar meanings or contexts are mapped
to vectors that are close to each other in this new vector space (e.g., as measured by
cosine similarity or Euclidean distance) [51].

For example, in a well-trained word embedding space, the vector for “king” would be
located near the vector for “queen,” and the vector for “walking” would be near “running”
[51, 12].

Embedding spaces are a component in nearly all modern AI systems, including the
Transformer architecture.

1. Enabling Numerical Computation: Models like the Transformer cannot oper-
ate on raw text. An embedding layer is the first step in these models, converting
input tokens (words) into their corresponding vector representations [12].

2. Efficiency and Generalization: By representing concepts in a dense vector
space, models can generalize. They can understand that “king” and “queen” are
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2 Foundations

related without having to see every possible context for both. This semantic sim-
ilarity is what allows models to understand and generate coherent text.

For MLLMs, the core technical challenge involves transforming feature vectors extracted
from diverse modalities into this unified feature space that the LLM understands [69, 78].
This cross-modal conversion is achieved via specialized connectors or bridges, such as
single linear projection layers, Multi-Layer Perceptrons (MLPs), or more complex mod-
ules like the Q-Former, which align the non-textual features with the LLM’s embedding
space [81, 8]. The effectiveness of the MLLM depends on integrating these diverse rep-
resentations within a shared latent space so that the LLM can reason over them and
generate responses [10].

2.1.3 Tokenization

Tokenization converts raw text into sequences of discrete units, known as tokens, that an
LLM can process [7, 85]. Tokens serve as meaningful components of words, replacing the
simple word-based segmentation traditionally employed in Natural Language Processing
[23]. Modern LLMs heavily rely on subword tokenizers, such as Byte-Pair Encoding
(BPE) [60], to mitigate the challenge of out-of-vocabulary words and manage vocabu-
lary size effectively [85, 52]. For instance, the LLaMA models utilize a BPE algorithm
implemented through SentencePiece [38], splitting numbers into individual digits and
falling back to bytes for decomposing unknown UTF-8 characters [64]. Once input text
is tokenized and converted into vector representations (embeddings), the Transformer ar-
chitecture necessitates the injection of absolute or relative positional encodings to inform
the model about the sequence order, as the design itself lacks recurrence or convolution
[66]. For MLLMs, the same idea is extended to non-textual modalities. Feature vectors
extracted from images or audio are transformed into a sequence of tokens and projected
into the LLM’s shared embedding space, using projection layers as a compatible visual
tokenizer [44, 78].

2.1.4 Likelihood-Based Scoring

Because an autoregressive LLM models a probability distribution over token sequences,
it can be used not only to generate text but also to score a given text by measuring
how probable the model considers it. This scoring capability is the basis for
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2 Foundations

likelihood-based evaluation, which was introduced for evaluating base language
models on multiple-choice tasks with GPT-3 [14] and formalized in detail by Biderman
et al. [13].

Given a prompt x = x0, x1, . . . , xn−1 of n tokens and a candidate continuation y =

y0, y1, . . . , ym−1 of m tokens, the conditional log-probability logP (y | x) is computed
in a single forward pass. The prompt and continuation are concatenated into a single
sequence, with the final token ym−1 discarded, yielding x0, x1, . . . , xn−1, y0, y1, . . . , ym−2.
This sequence is passed through the model, which returns a logit vector at every position.
Because the model predicts the next token at each position, the logit vector at position
n − 1 (the last prompt token) already contains the model’s prediction for y0, the logit
vector at position n contains the prediction for y1, and so on up to the prediction for
ym−1 at position n+m− 2. The final token ym−1 is therefore not included in the input,
as its only effect would be to produce a prediction for a token beyond the continuation,
which is not needed. A log-softmax is applied to the logit vectors at these m positions
to obtain log-probabilities, and the conditional log-likelihood of the full continuation is
the sum over the individual token log-probabilities [13]:

logP (y | x) =
m−1∑
i=0

log p(yi | x, y0, . . . , yi−1) (2.1)

As a concrete example, consider a model that is prompted with “The capital of France
is” and must score the candidate continuation “Paris”. If the tokenizer splits “Paris”
into two tokens, Par and is, then m = 2. The model receives the concatenated input
“The capital of France is Par” (the last continuation token is is discarded), and in
a single forward pass produces a prediction at every position. The log-probability of
Par given the prompt and the log-probability of is given the prompt and the preceding
token Par are read from the corresponding positions and summed to yield logP (”Paris” |
”The capital of France is”).

For a multiple-choice task with k answer options a1, . . . , ak, this procedure is repeated
for each option, and the model’s prediction is the option with the highest conditional log-
probability [14]. When answer options differ in token length, the raw log-likelihoods can
be normalized by dividing each score by the number of tokens in the respective option,
so that longer answers are not penalized solely for containing more terms [14, 13].
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2.2 Multimodal Large Language Models

MLLMs extend LLMs by integrating diverse data types such as text, images, audio, and
video within a single system, a principle referred to as multimodality [8, 69]. While LLMs
possess reasoning and language generation abilities, they are inherently limited to textual
input, being unable to process and understand visual and other sensory information [7,
17]. The goal of developing an MLLM is to overcome this limitation, allowing the model
to perceive and reason across modalities for applications like visual question answering
(VQA) and multimodal dialogue [7, 43]. There are multiple approaches to enable an LLM
to understand multimodal input as discussed in Section 3. A common architectural
approach to bridging the gap between a non-textual modality and the LLM involves
introducing an alignment mechanism tasked with transforming modality-specific features
into a unified embedding space (see Section 2.1.2) comprehensible to the language model
[78]. This approach makes use of three components: a pre-trained modality encoder, a
bridge, and an LLM [78], as visualized in Figure 2.1.

Figure 2.1: The modular MLLM architecture with multiple encoders, projection lay-
ers, and a shared LLM. Each encoder produces feature embeddings that a
dedicated projection layer aligns to the LLM’s embedding space before a
concatenation module merges all aligned representations into a single input
sequence.
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The encoder operates in a frozen state to preserve its domain-specific knowledge [7, 34].
Implementations for the bridge range from simple trainable linear projection layers or
MLPs, which map feature dimensions, to more complex query-based modules like the
Q-Former [42], which use attention to abstract and compress information into a fixed
number of tokens [81, 63]. The aligned multimodal tokens are concatenated with text
embeddings (see Section 2.1.2) and given to the LLM for reasoning and autoregressive
response generation. This modular approach makes it possible to add new modalities to
an MLLM and to update its core components, while keeping training cost-effective by
focusing optimization on the lightweight bridge components [81, 34].

2.3 Intent-Based Systems

IBS aim to automate system design and operation by letting users specify outcomes
rather than implementation steps [9]. One popular field of operation for IBS is Intent-
Based Networking (IBN), which applies these concepts to network management to define
system behavior based on high-level business objectives rather than complex technical
configurations [28].

Intent is defined as a set of operational goals a network is supposed to meet and outcomes
it is supposed to deliver [11]. Crucially, intent is defined in a declarative manner, meaning
it specifies “what” to accomplish, without specifying “how” to achieve or implement it
[19].

By focusing on the desired outcome rather than the steps to reach it, intent enables
greater operational efficiency and flexibility, reducing dependency on human activity
and the possibility of mistakes [19, 80]. An IBS is therefore a system that recognizes and
ingests this high-level intent, configures itself accordingly, and determines the necessary
steps to realize the given goal.

IBS are defined by a Declarative Deployment Model (DDM, see Section 2.4), an ar-
chitectural pattern that focuses on achieving high-level goals or intent, expressed in a
declarative manner that avoids specifying the detailed implementation steps [19]. The
system is fundamentally structured as a closed-loop automation system that continu-
ously seeks to satisfy and maintain this declarative state [79, 40]. This framework is
partitioned into two phases: Intent Fulfillment and Intent Assurance [19]. The Intent
Fulfillment phase is responsible for taking the intent from its origin, for example a user,
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to its realization in a system or network. This phase begins with the User Space or
Intent Interface, which is the first set of functions that interface with a human and
are concerned with Intent Ingestion and Interaction with Users [19, 28]. This interface
serves as the input layer and bridge between business objectives and automated opera-
tions, allowing users to articulate and set needed goals [28]. Intent Fulfillment then ends
with a Translation Engine to transform the high-level requirements into concrete, exe-
cutable configurations and executing them to establish the desired state in the system or
underlying infrastructure [28, 25]. Following the Intent Fulfillment phase, the Intent As-
surance phase ensures compliance by constantly monitoring the actual system behavior
against the specified intent, which serves as the system’s Single Source of Truth (SSoT)
[19]. The Assurance functions report status back to the User Space, thereby complet-
ing the intent control loop [19]. If the operational state deviates from the intent, the
system initiates actions to restore alignment with the intent, enabling self-management
and optimization throughout the system’s life cycle [79, 19].

2.4 Declarative Deployment Model

The theoretical foundation for achieving intent fulfillment lies in the distinction between
declarative and imperative modeling approaches.

The DDM is the architectural pattern used within IBS to formalize user intent into an
executable state representation [28]. The DDM focuses exclusively on specifying “what”
the end result or the desired state should be [25]. DDM uses structural models that
are interpreted by a deployment and management system to enforce this desired state
[25].

In contrast, the imperative model specifies “how” to accomplish a task by defining a se-
quence of steps, their execution order, and the data flow [25]. While imperative modeling
offers high customization, it demands significantly more expertise [25].

Because intent is a declarative specification of the desired outcome, Intent-Based Archi-
tecture is built upon and functions as a subset of the declarative model paradigm. A
key architectural benefit of DDM is its inherent idempotency. This approach allows the
DDM to function as the SSoT for the configuration of a system.

A widely recognized industry example of the declarative model is Kubernetes [56, 9].
Kubernetes’s standardization and automation tools, which are used for the deployment,
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maintenance, and convergence of systems to desired states, have been important in
enabling modern automation.
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The integration of multiple modalities, particularly vision and language, into LLMs has
become a popular research field in AI [78, 69, 34]. The primary challenge lies in enabling
text-centric LLMs to understand and reason about fundamentally different data types
such as pixels and audio waveforms [78, 81].

To address this, recent research has explored a spectrum of architectural and method-
ological strategies. These strategies range from parameter-efficient fine-tuning (PEFT)
techniques, which insert small, trainable modules into a frozen LLM, to modular frame-
works using bridges to connect external encoders, to approaches where the LLM acts
as a controller orchestrating external specialized models. This chapter reviews the key
architectural and methodological trends, categorizing them by their core integration
approach.

3.1 Parameter-Efficient Fine-Tuning for Modality
Adaptation

PEFT is originally a method to train an LLM for a specific downstream task or to
enhance its text-based knowledge in a given domain. With PEFT, the majority of the
LLM’s parameters are frozen and only a few newly added parameters are trained. Those
parameters allow the LLM to learn new skills. In recent research, PEFT is also used to
incorporate a new modality into the LLM. These parameters function as the bridge that
learns to adapt the new modality. This also avoids the prohibitive computational and
financial cost of fully retraining foundational LLMs.

LLaMA-Adapter [83] uses the PEFT method by introducing only 1.2 million trainable
parameters to equip an LLM with visual reasoning capabilities. Its core innovation is
a special zero-initialized attention mechanism designed to protect the LLM’s existing
knowledge. This mechanism works by inserting new, trainable vectors, called adoption
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prompts, into the LLM’s higher transformer layers. These prompts are intended to learn
the new visual information. However, adding new, randomly initialized parameters can
introduce noise that disrupts the LLM’s pre-trained knowledge. Zhang et al. solve this
with a learnable gating factor. The gating factor is a single parameter that controls
the influence of the adoption prompts. This gating factor is zero-initialized, so the new
prompts have no influence on the LLM at the start of training, which allows training
to be stable at the beginning. As training progresses, the gating factor slowly learns
to increase, gradually “opening the gate” and allowing the now-meaningful adoption
prompts to contribute to the model’s capability to understand multimodal input. This
leads to a stable and effective adaptation.

Zhang et al. [82] present in their paper, PILL: Plug Into LLM with Adapter Expert
and Attention Gate, another technique based on PEFT. The presented architecture
is designed to help LLMs handle multiple modalities more efficiently by reducing the
risk of modality interference. Modality interference describes the condition where dif-
ferent types of modalities interfere with each other and by doing so degrade the original
knowledge of the LLM. To solve this Zhang et al. introduce three key components: the
Mixture-of-Modality-Adapter-Expert (MoMAE), the Modality-Attention-Gate (MAG),
and the Swish-Gated Linear Unit-Adapter (SwiGLU-Adapter). The MoMAE compo-
nent uses separate expert models to process data of different modalities, preventing
cross-modality interference from the beginning. The MAG component acts as a gate to
adaptively control the contribution of each non-text modality to the overall input to the
LLM. This stabilizes the training and prevents non-textual modalities from interfering
with the LLM’s knowledge base. The SwiGLU-Adapter is an improved version of the
standard adapter design. The authors apply the SwiGLU gating mechanism [61] to the
adapter design proposed by Houlsby et al. [32]. The SwiGLU gating mechanism is a
combination of the Swish function [58] and the Gated Linear Unit (GLU) [20]. The
training for PILL is done in two stages. The first stage is called pre-training and aligns
the model’s visual and textual information by training the projection layers between the
modality adapters and the LLM as well as the adapters inside the LLM. In the second
stage the authors fine-tune all introduced modules like the MoMAE, MAG and the pro-
jection layers on downstream tasks. The LLM itself remains frozen. With this approach
Zhang et al. reached an average accuracy of 91.23% on the ScienceQA [47] benchmark,
placing it among state-of-the-art models like LLaVA [44] and LaVIN [48].

Focusing on efficiency and cost-effectiveness, the LaViN model, proposed in [48] in-
troduces the Mixture-of-Modality Adaptation (MMA) module. This module consists
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of a visual adapter with a down-projection, SwiGLU, and up-projection layer, as well
as a routing mechanism. The routing mechanism is used to dynamically decide which
computational path to use based on whether the input is text-only or multimodal. This
preserves the LLM’s text-only abilities, as text-only inputs bypass the visual adapter,
resulting in zero additional computational cost for language tasks. This approach allows
combining any LLM with any visual encoder. This approach is also theoretically ap-
plicable to other modalities, but Luo et al. [48] only show the combination of an LLM
with a visual encoder. However, adding other modalities would require the developer to
reimplement parts of the system because some components, such as the visual adapter
proposed in the paper, are developed specifically for vision. To create the LaVIN model
and show the effectiveness of the proposed approach, Luo et al. combine their newly
proposed MMA module with a LLaMa model [64] and the Vit-L/14 [22] image encoder.
The authors report that LaVIN can be trained in just 1.4 hours on eight A100 GPUs
with only 3.8 million trainable parameters, achieving performance comparable to mod-
els like LLaVA [44] on benchmarks such as ScienceQA while using significantly fewer
resources.

In a different PEFT-based method, Vision as LoRA (VoRA) [68] integrates visual
capabilities by adding Low-Rank Adaptation (LoRA) [33] layers directly into the LLM.
This method removes the need for additional external encoders or connector layers,
incorporating everything into a single transformer, which is visualized in Figure 3.1.

To inject visual knowledge, Wang et al. use pre-trained vision models as teachers to
guide the training of the LoRA layers via block-wise distillation. This distillation pro-
cess forces the LLM’s intermediate visual representations to align with the teacher’s
features, block by block, accelerating training and reducing the need for massive train-
ing data. Furthermore, VoRA modifies the LLM’s attention mechanism for visual tokens.
It replaces the standard causal attention mask, which only permits attending to previous
tokens, with a bi-directional mask. This allows visual tokens (image patches) to attend
to each other in all directions, better capturing spatial relationships. A significant ad-
vantage of this LoRA-based approach is its effect on inference. After the training, the
low-rank LoRA matrices can be mathematically merged back into the original frozen
weights, resulting in a unified model that incurs near-zero additional computational or
memory overhead compared to the base LLM. Another advantage is that VoRA allows
handling images of different sizes because of the LLM’s inherent ability to handle inputs
of different sizes also apply to the vision input. VoRA also has limitations. The most
significant, as mentioned by the authors, is that VoRA requires additional pre-training
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Figure 3.1: Architectural comparison between the encoder-based MLLM approach and
VoRA [68]. The encoder-based architecture on the left routes image patches
through a ViT and a connector before the LLM, whereas VoRA on the right
replaces both components with LoRA layers inside the LLM.

data to compensate for the absence of external vision models, which are often used as
experts for a specific modality in other approaches. Another limitation is the lack of a
vision token compression mechanism. Unlike conventional MLLMs that use some kind
of bridge module or projection layer, the authors intentionally preserved the original
LLaVA-1.5 configuration to ensure fair comparison. Finally, the authors acknowledge
that VoRA underperforms on world knowledge tasks, but claim that this is not due
to architectural constraints but due to data limitations. Nevertheless, VoRA matches
conventional encoder-based MLLMs in performance when trained with a proper scale of
additional data.

While PEFT methods minimize the number of trainable parameters, they couple new
modalities to the architecture of the LLM and thereby miss the opportunity to make
use of pre-trained encoders, risking interference with the LLM’s knowledge base every
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time a new modality is added. An alternative to this is shown through methods that
use bridges to preserve the separation between modality-specific encoders and the LLM.
These methods will be examined next.

3.2 Modular Architectures with Bridging Mechanisms

Another research trend involves modular designs that connect external pre-trained en-
coders to a frozen LLM. The key innovation in these architectures is the design of the
bridge module that translates the encoder’s output into a format the LLM can under-
stand. This bridge can range from a simple and lightweight design to a complex and
more sophisticated one.

A notable method for integrating multimodal information into text-only LLMs is pre-
sented by [37] in their work on FROMAGe. The core of their multimodal understanding
mechanism involves bridging the gap between a frozen visual encoder (ViT-L/14) and
the frozen LLM (OPT-6.7B [84]). This connection is achieved not by fine-tuning the
models themselves, but by training a lightweight linear projection layer as the bridge
connecting the encoder with the LLM. This layer learns to project the visual embeddings
produced by the image encoder into the LLM’s input embedding space.

In practice, when an image is provided as input, it is first encoded into a visual em-
bedding. This embedding is then passed through the trained linear layer, transforming
it into a vector that has the same dimensionality as the LLM’s text token embeddings.
This new visual prefix is then prepended to the sequence of text embeddings. By treat-
ing the image representation as a prefix, the frozen LLM can condition its computations
on the visual context without any modification to its architecture or weights. This has
several benefits: specialized encoders with strong feature extraction capabilities can be
used for each modality, and the separation of components makes the system easy to
update and extend. Training the simple projection layers is also computationally less
expensive than training complex bridging modules or fine-tuning large portions of an
LLM, allowing the entire system to be trained on a single GPU in one day.

The projection layers are trained using an image captioning objective, optimizing the
model to generate the correct text description given the visual prefix. The authors
demonstrate that this adaptation allows the LLM to retain its in-context learning abili-
ties, applying them to complex, visually-grounded tasks. While the model also introduces
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a mechanism for producing multimodal outputs via image retrieval, it is not relevant to
this work.

In [18] Cheng et al. used a hybrid architecture to implement Emotion-LLaMA. They
adopted a straightforward architecture by combining distinct, pre-trained encoders for
each modality (e.g., audio, video, text) with an LLM via simple linear projection lay-
ers, which are trained to translate the modality-specific features into the LLM’s shared
embedding space, like in [37]. However, the LLM is not fully frozen. By using LoRA to
tune the LLM during the instruction tuning phase, they also incorporated PEFT into
their model. This technique of combining the modular encoder and the LLMs via simple
projection layers and adding LoRA layers to the LLM makes Emotion-LLaMA especially
effective in its specific task of emotion recognition.

In contrast to the simple projection layer method in [37] and [18], mPLUG-Owl [77]
is a prominent example of a complex bridge. It consists of three main components: a
foundational LLM, a so-called visual knowledge module, and a visual abstractor module.
The foundational LLM, in this case LLaMA-7B [64], is the core of the system. It takes
the text and visual data to compute a meaningful response for the user. The visual
knowledge module is a pre-trained vision encoder, in this case the ViT-L/14 [22], that
is used to process raw image data and turn it into embeddings. The visual abstractor
module is an intermediate component between the visual knowledge module and the
foundational LLM that addresses the sequence length problem: a high-resolution image
processed by a ViT can produce hundreds or even thousands of embedding tokens, which
would overwhelm the LLM’s context window. The abstractor compresses the numerous
output embeddings from the vision encoder into a small, fixed set of learnable tokens.
These condensed tokens represent higher-level semantic information and are then fed to
the LLM.

Another main contribution of this paper is the two-stage training process, which con-
sists of pre-training and instruction tuning. In the first stage, the pre-training, the
model learns to align visual and textual data. Here, the visual knowledge module and
the visual abstractor module are trained. To speed up the process of training the vi-
sual knowledge module the authors initialize it with the weights of a pre-trained visual
encoder. The LLM stays frozen at this stage. In the second stage, the instruction tun-
ing, the visual knowledge module stays frozen. The LLM and the visual abstractor are
jointly fine-tuned, by using LoRA to fine tune the LLM. This fine-tuning is done with a
joint dataset of both text-only and multimodal instructions. This two-stage method of
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first aligning the visual components to a static LLM and then fine-tuning the LLM for
multimodal instructions allows the model to achieve strong performance on multimodal
benchmarks, such as the author’s proposed OwlEval, while maintaining its original lin-
guistic capabilities. To assess the capabilities of the model the researchers created a
new evaluation benchmark. Experimental results show that mPLUG-Owl outperforms
existing models like MiniGPT-4 [86] and LLaVA.

mPLUG-Owl2 [76] builds on this architecture using LLaMA-2-7B [65] to address
modality interference, like in [82], and enable modality collaboration, where differ-
ent modalities enhance rather than degrade performance. The key innovation is the
Modality-Adaptive Module (MAM). Instead of projecting visual features directly into
the LLM’s shared embedding space, MAM decouples vision and language representa-
tions within the self-attention mechanism itself. It achieves this by using separate linear
projection layers for the key and value matrices while sharing the query matrix. This
design allows the model to learn relationships between modalities in a shared attention
space while preserving the unique characteristics of each, mitigating interference. This
collaboration is so effective that the authors report mPLUG-Owl2 excels at multimodal
tasks and also shows significant improvement on text-only benchmarks. mPLUG-Owl2
matches or outperforms other state-of-the-art models in several benchmarks, including
ScienceQA, MMBench [46] and MMLU [30]. The model also demonstrates zero-shot
generalization to video question answering, achieving state-of-the-art performance on
datasets like MSRVTT-QA [74].

Another similar method, which positions itself between the methods discussed in Sec-
tion 3.1 and Section 3.2, is introduced by Huang et al. [35]. Here the LLM is modified
not to understand a new modality but to save compute. The paper introduces Mul-
timodal Plug-and-Play-LLM (mPnP-LLM) [35] a configurable lightweight LLM,
especially designed for embodied AI. mPnP-LLM introduces an innovative method to
reduce computational cost of MLLMs, by connecting the multimodal encoder to the
last N layers of the LLM instead of the input layers. This gives users the possibility
to configure how many layers of the LLM should be used, creating a trade-off between
model performance, by using more layers and computational efficiency, by using fewer
layers and thereby reducing the number parameters used in backpropagation and infer-
ence. To integrate the new modalities, the system uses trainable “Key-Value Aligners”,
which are small Feed Forward Networks. The authors make use of the LLM’s attention
mechanism, which operates on three types of vectors called: Queries (Q), Keys (K) and
Values (V). The Key-Value Aligners are used to project the features of a modality en-

18



3 Related Work

coder into new K-V pairs. These are then injected directly into the LLM’s self-attention
mechanism, influencing the model’s processing at its higher, more semantic layers. The
K, V projectors within the connected LLM blocks are fine-tuned using LoRA during
adaptation.

These bridging methods decouple the encoders from the LLM but still require imple-
mentation work for each new modality, as a new bridge must be designed and trained
every time.

3.3 Unified Embedding Spaces

A fundamentally different approach from the ones presented so far is the creation of a
single, unified embedding space instead of a specific bridge between an LLM and one
encoder. ImageBind [26] is a state-of-the-art example, learning a joint embedding
space for six modalities: images, text, audio, depth, thermal, and Inertial Measurement
Unit data. The core idea is to use images as a common link to bind all the modali-
ties. This means instead of using data where every modality is paired with each other,
ImageBind uses data where each modality is paired with image data. This solves a
data collection problem: instead of needing N ×N paired datasets (e.g., text-to-audio,
audio-to-depth), the system only needs N datasets, each paired with images. By train-
ing separate encoders to align their outputs with image embeddings, ImageBind enables
novel, zero-shot cross-modal tasks and emergent alignment between modalities not seen
together during training. For instance, the authors fed audio embeddings from Image-
Bind into a text-to-image model, which then generated an image of a dog — a task it
was never trained to do. Adding a new modality requires creating a specific encoder for
it, gathering image-paired data for that modality, and training the new encoder to align
its output embeddings to the ImageBind space.

The unified embedding space approach eliminates per-modality bridge implementations,
but adding a new modality still requires code changes and a dataset that pairs the new
modality with a predefined one (images, in the case of ImageBind).
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3.4 LLM-as-Controller Frameworks

Finally, there is a separate class of multimodal systems that uses the LLM as a central
controller that orchestrates other specialized models, rather than using the LLM in an
end-to-end system.

HuggingGPT [62] is a prime example of this framework. It uses an LLM to manage
a library of expert models, such as those available on Hugging Face, to solve complex,
multi-stage tasks. The system operates in four stages:

1. Task Planning: The LLM analyzes the user’s request and breaks it down into
solvable sub-tasks with dependencies on one another, which creates a clear roadmap
of actions.

2. Model Selection: For each task, the LLM selects an appropriate expert model
based on its text description available on Hugging Face. To manage the vast
number of models, it first filters candidates by task, then ranks them by number
of downloads. The result of the top-K models is then given to the LLM to choose
from.

3. Task Execution: The selected models are invoked by the LLM, and their infer-
ence results are sent back to the LLM, which can then be used to either build a
response to the user query or give the results to the next model as the input. The
paper emphasizes the computational resource issue at this stage.

4. Response Generation: The LLM collects the results from all tasks and synthe-
sizes them into a coherent, final response. Even if the response from one of the
expert models is not text the response is brought into a textual format, like a file
path if a file was generated by one of the models.

This framework makes it possible to combine any modalities and update the expert
models without the need for retraining or implementing code. However, the paper also
notes limitations dependent on the LLM’s capabilities, such as maximum context window
length and the inherent planning ability of the chosen LLM.

A related framework by Xie et al. [73] focuses explicitly on a Training-Free orchestra-
tion method. This system also features a central LLM that calls expert models but adds
a parallel text-to-speech architecture, that allows interaction by talking to the system,
and a cross-modal memory system. This memory system stores interaction histories in
JSON format, allowing the system to maintain context across different modalities and
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improve conversational performance, aiming for a more integrated conversational assis-
tant experience compared to the more task-execution-focused HuggingGPT. It contrasts
with HuggingGPT by using a curated set of expert models rather than dynamically
selecting from the entire Hugging Face repository.

This category represents a fundamentally different framework for building a multimodal
system. By using the LLM as a controller or orchestrator of modality-specific models,
the system can add new modalities at runtime and does not need to be retrained if a
new modality is added. This avoids the retraining requirements of the other approaches
but introduces new limitations, such as the context window and the planning ability
of the orchestrating LLM. This approach may also reduce the representation ability of
the modality-specific encoders because all modalities are converted to text, as language
is used as the universal interface between all models. Another key limitation is the
implementation of peripheral systems that are used to translate the output of the expert
models into a human readable format.

3.5 Summary

This chapter has reviewed the evolving landscape of MLLMs, categorizing recent ad-
vancements by their core integration approach. There are two dominant approaches to
integrate modalities into the LLM’s embedding space, which are accompanied by two
additional approaches that follow their own integration method. The integration is done
either through PEFT methods (see Section 3.1) that insert trainable modules directly
into the LLM, or through modular bridging methods (see Section 3.2), where the
bridging mechanisms range from simple linear layers to complex abstractors that connect
external encoders to frozen or partially-tuned LLMs. While these approaches achieve
state-of-the-art performance on established benchmarks, they remain dependent on im-
plementing new bridge modules and retraining when introducing a novel modality.

Alternative approaches attempt to mitigate this rigidity but introduce their own limita-
tions. Unified embedding spaces like ImageBind pre-align modalities but still require
specific paired datasets and encoder training for extensions (see Section 3.3). On the
other side LLM-as-Controller frameworks offer maximum flexibility by orchestrat-
ing expert models without retraining, but they are bottlenecked by the LLM’s planning
capabilities, context window and the potential loss of information when converting rich
multimodal outputs into text for the controller (see Section 3.4).
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As noted throughout this review, nearly all current methods require explicit code changes
to add new modalities to a MLLM.
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The system consists of two primary components, the MLLM Designer and the Engine,
whose interaction is shown in Figure 4.1.

Figure 4.1: Overview of the system architecture with its two components, the MLLM
Designer and the Engine. The Designer serializes the visual graph into a
JSON intent and sends it to the Engine through a REST API. The Engine
validates the intent, assembles the model, trains it, and exports the result as
a runtime bundle or Hugging Face model directory.

4.1 Architectural Paradigm: Intent-Based Architecture

To address the problem stated in Section 1.1, the system adopts an Intent-Based Archi-
tecture. This approach aligns with concepts found in IBS and IBN (see Section 2.3).
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The system architecture maps to the Intent Fulfillment (see Section 2.3) phase as fol-
lows:

1. User Space: The MLLM Designer acts as the user interface (Intent Interface)
where the user defines “what” the system should look like. When a design is
finalized, it is exported as a JSON configuration, which is a declarative description
of the system. This artifact represents the desired State of the system.

2. Translation Engine: The Engine functions as the translation and execution
mechanism. It parses the intent (the JSON) and determines the imperative steps
(“how”) to instantiate the specific modules required to realize the design. After
determining the steps, the Engine executes the built model.

4.2 The MLLM Designer

The first component is the MLLM Designer, shown in Figure 4.2.

Figure 4.2: Wireframe of the MLLM Designer interface. The canvas shows encoder,
projection, dataset, and LLM nodes connected as a directed graph, with a
node palette at the bottom and build controls on the right.
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It serves as the visual composition platform. It is implemented using React Flow
[4], an open-source JavaScript library for building interactive node-based editors within
React [2] applications. React Flow was selected because it is unopinionated, giving
the developer flexibility in designing the components of the visual compositor. Because
nodes are React components, the library does not impose strict constraints on the user
interface. It natively provides canvas interactions such as panning, zooming, and drag-
and-drop, so that the development focus can remain on domain-specific logic.

The MLLM-Designer allows users to build MLLM architectures via a drag-and-drop
interface. The architecture is visualized as a directed graph where data flows from
modality encoders through projection layers into a central LLM (see Section 3.2). The
system defines four specific types of nodes:

• Encoder Node: This node holds the modality-specific encoders, which represent
the sensory inputs of the multimodal system. The user configures this node by
providing a string identifier corresponding to a pre-trained model in the Hugging
Face repository and the modality that the provided encoder is able to handle.

• LLM Node: This node holds the LLM, which acts as the reasoning core of the
system. Similar to the encoder, it accepts a string identifier for a specific language
model available on Hugging Face. The node additionally exposes an optional 4-bit
quantized loading path through the load_in_4bit field and a maximum sequence
length.

• Projection Node: This node holds the projection layer that connects a modality
encoder to the LLM. It contains an MLP that aligns the embedding spaces of the
two models. The input dimension of this node is defined by the output dimension
of the connected encoder, while its output dimension is defined by the input em-
bedding size of the connected LLM. The user configures the internal architecture,
specifically the number and size of hidden layers within the MLP.

• Dataset Node: This node represents the dataset used to train a specific projection
layer. The dataset node expects a dataset ID from the Hugging Face repository
together with a column mapping that assigns each input column to a modality and
names the column that serves as the target or label for the training process. The
modality assigned to an input column determines the preprocessing applied by the
Engine and must match the modality of the connected encoder. The architecture
treats data as a first-class component on an equal footing with model components.
By decoupling the dataset definition from the projection layer, the system supports
workflows such as training multiple adapters on the same data.
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After the user has finished constructing the MLLM, they can start the build process by
clicking the “Build” button. This serializes the visual graph into a JSON string (see
Listing 4.1) and submits it to the Engine, which constructs the model and trains its
projection layers. A “Check Status” button polls the state of the running build, and
once the Engine reports the build as completed, a “Download Model” button appears
through which the trained model is retrieved. Alternatively, the “Download JSON” but-
ton exports the serialized configuration itself, so that an intent can be stored, versioned,
or shared without triggering a build.

The realized interface is shown in Figure 4.3 and follows the layout proposed in Fig-
ure 4.2.

Figure 4.3: The implemented MLLM Designer with a two-modality pipeline on the can-
vas. A vision encoder and an audio encoder each connect through a dedicated
projection node to a shared LLM, with dataset nodes supplying the training
data for each projection layer.

The node palette occupies the left margin, while the project name field and the
build controls described above are grouped in the upper right. Below the palette,
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a collapsible “Training Settings” panel exposes the run-level parameters that
are not tied to any single node and that form the training_config section of
the exported intent (see Listing 4.1). The canvas holds a two-modality config-
uration in which a google/siglip2-so400m-patch14-384 vision encoder and a
facebook/wav2vec2-base-960h audio encoder each connect to a dedicated projection
node before both projection layers converge on a Qwen/Qwen3-1.7B backbone. The
vision projection layer draws its training data from jxie/coco_captions, while the
audio projection layer is trained on AudioLLMs/audiocaps_qa_test, whose column
mapping assigns the context column to the audio modality and the instruction
column to text. Settings that control reproducibility and loading behavior, such as
the revision pin, the preprocessor_kind, max_seq_length, and load_in_4bit, are
placed behind a collapsible “Advanced” section on the encoder, dataset, and LLM
nodes, so that the canvas remains readable while the full schema stays accessible. The
LLM node in the figure shows this section expanded, exposing the pinned revision,
the maximum sequence length, and the load_in_4bit option.

The exported JSON configuration serves as the system’s intent (see Section 2.3), en-
capsulating the MLLM’s blueprint, including model identifiers and projection layer def-
initions, without containing model weights or execution logic. The schema is organized
into three sections: project_meta for identification and versioning, training_config
for run-level parameters such as epochs, batch size, and learning rate, and nodes for
the topological definition. Within the nodes section, the system employs a dependency-
driven structure where downstream components, such as the LLM backbone, explicitly
reference their upstream dependencies, specifically the projection layers, thereby mod-
eling the MLLM as a directed acyclic graph. This design enforces a strict separation
of concerns by isolating architectural decisions through parameters like modality that
dictate preprocessing logic. Dataset, encoder, and LLM nodes may additionally pin a
revision, pinning the referenced Hugging Face artifact to a specific commit so that a
build remains reproducible even when the upstream repository changes. This schema en-
sures the constructed MLLM is modular, reproducible, and extensible. Listing 4.1 shows
a truncated version of the configuration exported from the design in Figure 4.3, reduced
to the vision modality path so that one node of each type is visible. The complete
two-modality intent is reproduced in Listing A.1 in the appendix.
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1 {
2 "project_meta": {
3 "id": "thesis-demo-project-001",
4 "name": "MLLM␣Project",
5 "created_at": "2025-11-27T14:00:00Z"
6 },
7 "training_config": {
8 "trust_remote_code": false,
9 "export_formats": ["runtime"],

10 "max_seq_length": 2048,
11 "epochs": 2,
12 "batch_size": 16,
13 "accumulation_steps": 2,
14 "seed": 42,
15 "use_subprocess": false
16 },
17 "nodes": [
18 {
19 "id": "dataset_vision_1",
20 "type": "dataset",
21 "dataset_id": "jxie/coco_captions",
22 "column_mapping": {
23 "input_columns": { "image": "vision" },
24 "target_column": "caption"
25 },
26 "revision": null
27 },
28 {
29 "id": "encoder_vision_1",
30 "type": "encoder",
31 "model_id": "google/siglip2-so400m-patch14-384",
32 "modality": "vision",
33 "input_arg": "pixel_values",
34 "revision": null
35 },
36 {
37 "id": "bridge_vision_1",
38 "type": "projection",
39 "architecture": { "layers": 2, "nodes_per_layer": 4096 },
40 "inputs": {
41 "source_model": "encoder_vision_1",
42 "training_data": "dataset_vision_1"
43 }
44 },
45 {
46 "id": "llm_1",
47 "type": "llm",
48 "model_id": "Qwen/Qwen3-1.7B",
49 "load_in_4bit": false,
50 "max_seq_length": 1024,
51 "inputs": { "connected_bridges": ["bridge_vision_1"] },
52 "revision": "70d244cc86ccca08cf5af4e1e306ecf908b1ad5e"
53 }
54 ]
55 }

Listing 4.1: Simplified JSON configuration exported from the MLLM Designer, showing
a vision path.
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4.3 The Engine

The second component is the Engine, a backend system written in Python. Designed as
a RESTful service, it exposes endpoints to accept the serialized JSON intent from the
Designer.

As soon as the Engine receives the JSON configuration, it parses the structural defi-
nition and translates the intent into executable code. For this translation, the Engine
adopts a data-oriented design strategy by making use of discriminated unions (also
known as typed enums) and structural pattern matching. Rather than relying on a tra-
ditional object-oriented factory pattern, which scatters validation and construction logic
across multiple class hierarchies, the system centralizes the JSON interpretation logic
and parses the JSON configuration into strictly typed data structures using the Pydan-
tic [3] library. The modality and type fields act as discriminators, allowing the system
to enforce schema validation and type-specific behavior at runtime. The Engine then
employs structural pattern matching over these validated configurations to instantiate
the requested components using the PyTorch framework [1] and the Transformers library
from Hugging Face [72]. For LLM nodes, the Unsloth library [5] serves as an acceler-
ated model loader with an optional 4-bit quantized loading path, exposed through the
load_in_4bit field of the configuration. The Engine also initializes the corresponding
modality-specific preprocessors (such as image processors or audio feature extractors) to
ensure the training data matches the encoder’s expected input format.

The projection layers are initialized with random weights according to the requested
architectural dimensions, representing the primary trainable parameters within this ar-
chitecture. The Engine then executes an alignment training stage using the specified
modality datasets, in which the projection layer weights are optimized to map the en-
coder outputs into the LLM’s text embedding space. When a configuration declares
several modalities, the corresponding projection layers are trained sequentially. Each
projection layer is optimized on the dataset connected to its own branch, while the input
slots of all other modalities are filled by learned missing-modality embeddings that stand
in for absent inputs. This design is motivated primarily by the availability of training
data, because each projection layer is aligned on a single-modality corpus, no paired
multimodal dataset is required, and any captioned corpus of the respective modality
published on Hugging Face can serve as alignment data for its branch. It additionally
keeps the training procedure simple, as each branch is optimized as an independent unit
with its own dataset, so no joint sampling or scheduling strategy across modality corpora
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is needed. A joint training stage over independently sourced corpora would moreover
be ill-defined at the data level. Merging two single-modality datasets provides no cor-
respondence between their samples, so there is no criterion for which audio clip should
accompany which image, nor for which of the two datasets’ captions would constitute
the ground-truth target of such a combined sample. Joint multimodal training there-
fore presupposes a natively paired multimodal corpus, which the sequential per-branch
alignment deliberately avoids requiring. As a consequence, no projection layer is ever
optimized in a context where another modality slot holds a real input rather than its
missing-modality embedding. A property whose implications for multimodal inference
are examined in Section 5.

Upon completion of the training phase, the system intentionally avoids returning bare
weight files, which would require the user to reconstruct the model graph by hand, as well
as environment-dependent pickle files. Instead, the Engine produces a runtime bundle
that is always emitted, complemented by an optional Hugging Face model directory that
the user can request through the export_formats field of the training configuration.

The runtime bundle packages the JSON Intent originally submitted by the Designer,
the trainable parameters serialized as a trainable.safetensors file, a standalone
inference.py runtime, a requirements.txt, and a README.md. The trainable param-
eters consist of the projection layer weights together with the learned missing-modality
embeddings introduced above. Because the frozen-encoder invariant guarantees that
only these parameters participate in optimization, serializing them alone captures the
entirety of the learned state. The frozen encoders and LLM are rematerialized at load
time from their upstream Hugging Face identifiers recorded in the configuration. The
inference.py runtime reads the JSON configuration, reconstructs encoders and projec-
tion layers according to the declared node graph, loads the trained weights, and exposes
a command-line interface for multimodal generation, thereby giving the user a directly
executable artifact rather than a collection of weights requiring glue code.

The optional hf_model export additionally materializes the full model, including frozen
encoder and LLM weights, into a Hugging Face-compatible directory containing a
configuration_mllm.py and modeling_mllm.py alongside the serialized parameters
and tokenizer files.

Both artifacts are written to the project’s output directory and bundled
into a single zip archive that is returned to the frontend through the
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/api/models/{projectId}/download endpoint. This export strategy decou-
ples the generated model from the Engine’s internal Python class hierarchies and
ensures that the resulting MLLM can be deployed without requiring the user to
manage, maintain, or modify any underlying execution code, thereby fully realizing
the system’s intent-based objective. The approach is motivated by the dynamic nature
of the projection layers, whose architecture, including the number of hidden layers
and their widths, is determined at runtime from the JSON configuration. Standard
serialization formats such as ONNX and TorchScript require statically known tensor
shapes at trace time and therefore cannot export projection layers that are initialized
lazily from a user-defined specification.
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To test the functionality of the presented system several experiments were considered.
The experiments are designed to test the primary use cases the system addresses, specif-
ically the replacement of old components of the MLLM like an encoder with new ones
and the expansion of a MLLM with a new modality by adding a new encoder to the
system. The system was also used to reproduce an existing MLLM and evaluate its
performance on the same benchmarks used in the original work. This chapter details
the experiments conducted and the motivation behind them.

5.1 Experimental Setup

Experiments 1 and 2 are executed on a single NVIDIA A100-SXM4-40G GPU with 40
GB of VRAM, which also constitutes the minimum hardware requirement for running
the system. Experiment 3 is executed on a single NVIDIA H100 NVL GPU with 94
GB of VRAM, due to the availability of compute resources at the time the experiment
was conducted. The larger memory budget of this GPU also comfortably accommodates
the reproduced LLaVA-1.5 setup, which pairs a 7-billion-parameter LLM with an input
sequence length of 2048 tokens. Both servers run Ubuntu 24.04 LTS with Python 3.12,
and all training and evaluation is executed inside the same Docker image with PyTorch
2.9.1 as the underlying runtime, so that the software stack is identical across hosts and
only the GPU differs. The change of hardware does not affect the controlled compar-
ison of Experiment 1, which is conducted entirely on the A100, and Experiment 3 is
assessed primarily against the published LLaVA-1.5 reference scores rather than against
the models of the other experiments. To ensure comparability of results across exper-
iments, the same base LLM, namely Qwen/Qwen3-1.7B, is used in every configuration,
and the training configuration is kept consistent. The training configuration is summa-
rized in Table 5.1. All generated models are configured with an input sequence length
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of 1024 tokens, with the exception of Experiment 3, which uses 2048 tokens to match
the reproduced LLaVA-1.5 setup.

Parameter Value

epochs 1
batch size 8
accumulation steps 4
validation ratio 0.1
optimizer AdamW
learning rate 1e-3
max. optimizer steps 2000

Table 5.1: Training configuration used across all experiments. The step cap applies to
Experiments 1 and 2 only.

The choice of Qwen/Qwen3-1.7B is motivated by the constraints imposed by the available
hardware, as larger LLMs would exceed the VRAM budget once the encoder, projection
layers, and activations of the modality data are taken into account. The batch size of 8,
combined with four gradient-accumulation steps, follows the same reasoning. It yields
an effective batch size of 32, which is large enough to stabilize the gradient updates
of the projection layer, while the small per-device batch keeps the peak memory of a
single forward pass within the VRAM budget. The per-device batch is the binding
constraint here, since a single vision sample expands into 576 encoder tokens and the
corresponding activations dominate the memory footprint of the step [45]. Training in
Experiments 1 and 2 is additionally capped at 2000 optimizer steps (max_steps in the
training configuration) rather than running a full pass over the training corpus. This
cap serves as a fixed computational budget. Every configuration and every seed receives
exactly the same number of gradient updates over the same sequence of training samples,
so that an observed difference between two configurations cannot stem from unequal
training exposure. The value of 2000 steps is motivated by preliminary runs, in which
the training loss of the projection layer plateaued within the first few hundred optimizer
steps. The cap therefore lies well beyond the point of diminishing returns while reducing
the training time per run by roughly an order of magnitude compared to a full pass
over the corpus. The cap also provides the learning rate schedule with a fixed horizon.
The learning rate is warmed up linearly over the first 100 optimizer steps and then
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follows a cosine decay that reaches zero at the end of the step budget, so that training
concludes at a low learning rate rather than being cut off mid-schedule. Experiment 3
is excluded from this cap and trains for one full epoch, since it reproduces the Stage-1
procedure of LLaVA-1.5, which prescribes a complete pass over the alignment corpus
[45]. In that case the decay horizon of the learning rate schedule is derived from the
corpus size instead. Throughout all experiments, only the projection layers are trained
while both the modality encoders and the LLM remain frozen. This is consistent with
the architectural assumption laid out in Section 4.

Experiments 1 and 2 use the COCO Captions corpus [16] as the training dataset for
the vision projection layer. COCO Captions is a widely used image–caption corpus
with broad object and scene coverage, and is a standard reference for feature-alignment
training in the MLLM literature [29, 44]. It is held constant across both experiments so
that any observed difference between configurations can be attributed to the architectural
change under test rather than to the training data. Experiment 3 uses a different dataset
(liuhaotian/LLaVA-Pretrain) because that experiment reproduces a published model
and must match the original training corpus.

To support reproducibility, every configuration is trained under three fixed random seeds
(42, 2, and 534), each seeding PyTorch, NumPy, and Python’s built-in random module,
with CUDA deterministic mode enabled. Running each configuration across multiple
seeds separates the effect of the architectural change under test from run-to-run variation
caused by random initialization and data ordering, so that reported differences can be
attributed to the configuration rather than to a single fortunate or unfortunate seed.
Table 5.2 lists the exact model and dataset identifiers, each pinned to a specific Hugging
Face commit, for all components used across the three experiments. Pinning the revision
together with the fixed set of seeds makes each run reproducible. The frozen encoder
and LLM weights, and the training and evaluation data, are identical regardless of
when the run downloads them. The commits below correspond to each repository’s
main branch as of 2026-07-10 and are enforced in code via the HF_REVISIONS registry
in engine/experiments/_common.py. For readability the revisions are abbreviated to
their first four characters here, while the registry records each of them in full.

34



5 Experiments

Component Hugging Face Identifier Rev.

LLM (Exp. 1–2) Qwen/Qwen3-1.7B 70d2
LLM (Exp. 3) lmsys/vicuna-7b-v1.5 3321
Vision Encoder (Exp. 1: baseline) openai/clip-vit-large-patch14-336 ce19
Vision Encoder (Exp. 1: swap) google/siglip2-so400m-patch14-384 e8e4
Audio Encoder (Exp. 2) facebook/wav2vec2-base-960h 22aa
Train data (Exp. 1–2) jxie/coco_captions a2ed
Train data (Exp. 2: audio) AudioLLMs/audiocaps_qa_test 6cf6
Train data (Exp. 3) liuhaotian/LLaVA-Pretrain 70f9
Eval: MMBench-EN (1, 3) lmms-lab/MMBench_EN ecd2
Eval: ScienceQA (Exp. 3) derek-thomas/ScienceQA f18b
Eval: MSR-VTT (Exp. 2) mteb/MSR-VTT 4661

Table 5.2: Model and dataset identifiers, pinned to Hugging Face commits, used across
all experiments.

For reproducibility, the experiments are not executed interactively through the MLLM
Designer, but by scripts located in engine/experiments/. The scripts programmati-
cally construct the same JSON intent configuration that the MLLM Designer serializes
(see Section 4) and hands it to the unmodified Engine. This choice is motivated by
requirements that concern the orchestration around a build rather than the build itself,
such as repeating each configuration across the three fixed seeds, sourcing the revision
pins of Table 5.2 from a single central registry shared by all runs, and running the bench-
mark evaluations automatically after each training run. The Designer therefore remains
the authoring interface the system offers to users, while the experiment scripts serve as
its scripted equivalent for controlled experimentation. The configurations the scripts use
conform to the same intent schema the Designer exports, extended only by the repro-
ducibility metadata named above. In addition to constructing the configurations, the
experiment scripts prepare the training corpora by reshaping them into the input format
consumed by the Engine’s dataset nodes. This preparation is data plumbing rather than
a modification of the Engine or of any model code, and it therefore does not affect the
code-free claims tested in the following experiments.
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5.1.1 Training Within Hardware Constraints

Alongside the composition logic itself, a substantial share of the engineering effort went
into making training feasible on the available hardware. Even with frozen backbones,
training an MLLM is memory-intensive, as the LLM, one or more encoders, their acti-
vations, and the optimizer state of the projection layers must coexist within the 40 GB
of VRAM of the minimum hardware configuration named above.

The frozen-backbone invariant is therefore exploited systematically rather than treated
as a mere training convention. Because the encoders and the LLM are excluded from
optimization, the AdamW optimizer is constructed only over the trainable projection pa-
rameters, no gradient state is allocated for the frozen components, and encoder forward
passes run without gradient tracking. The same principle extends to persistence, where
the best-model snapshot and the safetensors export retain only the trainable weights,
keeping checkpoints orders of magnitude smaller than the full model graph. Peak mem-
ory during training is further bounded by gradient accumulation [54] and by gradient
checkpointing of the frozen LLM, which trades recomputation time for activation mem-
ory. On the data side, datasets are consumed as Hugging Face IterableDataset streams
rather than downloaded in full, and each training corpus is additionally materialized once
into a local cache keyed on its pinned dataset revision so that repeated runs do not need
to re-download the source data.

The handling of numerical precision underwent a design iteration worth recording. An
earlier version of the trainer used fp16 autocast together with a gradient scaler, the stan-
dard mixed-precision recipe. A baseline run of Experiment 1 exposed the limits of this
approach, as the gradient scaler protects gradients from underflow but does not constrain
the forward pass, and activations exceeding fp16’s maximum representable value of ap-
proximately 65,504 rendered the loss itself NaN. Precision handling was consequently
centralized in engine/src/models/precision.py, which selects bfloat16 autocast only
on GPUs with native bfloat16 support and falls back to full fp32 without autocast oth-
erwise, favoring numerical robustness over the memory savings of fp16.

Not every optimization survived into the final system. An earlier version of the Engine
cached the embeddings of the frozen encoders on disk to avoid redundant forward passes.
This cache was removed again when the complexity of cache warm-up and invalidation
outweighed its observed benefit in the streaming-based pipeline. The shipped system is
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in this sense the residue of a larger explored design space, reduced to the components
whose benefit outlasted contact with the real training workloads.

Taken together, these measures made the experiments of this work executable on the
single-GPU configurations described above. They managed the memory pressure rather
than resolving it. The constraints that remain despite these measures are discussed in
Section 7.1.

5.1.2 Scoring Protocols

The models produced in Experiments 1 and 3 are trained exclusively on caption-style
alignment data and receive no instruction tuning. Preliminary runs showed that they
respond to multiple-choice questions with caption-style prose from which no option letter
can be parsed, and generation-based scores consequently collapse toward zero regardless
of the quality of the learned feature alignment. This failure mode is not specific to the
present system. The MMBench authors report that vision–language models answer in
free-form text rather than with an option letter, and their official protocol therefore
extracts answers from free-form output through rule-based matching with a ChatGPT-
based fallback [46]. For this reason, every multiple-choice benchmark in this work,
namely MMBench and ScienceQA, is scored under two protocols. The captioning evalu-
ation of Experiment 2 is not affected by this failure mode and is scored with a captioning
metric as described there.

Under the generation-based protocol, the model generates a short completion, and the
answer is parsed from the output according to the parsing rule given in the respective
benchmark description. Because unparseable outputs are counted as incorrect, this score
primarily measures answer-format compliance for projection-only models.

Under the likelihood-based protocol, no text is generated. Instead, the model scores each
candidate answer by computing the length-normalized log-probability of the candidate
as a continuation of the question, following the procedure described in Section 2.1.4, and
the candidate with the highest likelihood is taken as the prediction. This answer-ranking
approach is the standard multiple-choice method of the lm-evaluation-harness framework
[13] and was applied to visually conditioned language models by Flamingo [6]. The
SEED-Bench MLLM benchmark adopted the same method explicitly so that scores do
not depend on a model’s instruction-following ability to output an option letter [41]. For
MMBench and ScienceQA, the ranked candidates are the textual contents of the answer
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options. Because every question receives exactly one valid prediction under this protocol,
the random-chance baseline is meaningful and scores can be interpreted against it. Wang
et al. [71] show that likelihood-based and generation-based multiple-choice results can
diverge substantially. Both protocols are therefore applied in the results sections of
the respective experiments, though generation-based scores serve only to document the
anticipated format-compliance failure, while the likelihood-based scores provide the basis
for analysis. Scores obtained under different protocols are never compared against each
other. Following their analysis, the ranking is computed over the full textual content of
each option rather than over the probability of a single option-letter token.

5.2 Experiment 1: Component Replacement

5.2.1 Motivation and Objective

The first experiment is concerned with the modularity claim of the system: that an
existing component of an MLLM can be replaced by a different one without any direct
code changes, purely through the intent configuration described in Section 4. One way to
test this property is to construct a baseline MLLM with an established but comparatively
older encoder, evaluate it, and then build a second MLLM that differs only in the choice
of encoder. Because the system does not support loading a previously built model, the
“replacement” consists of creating a new intent configuration with the updated encoder,
from which the second model is constructed from scratch.

5.2.2 Hypotheses

H1: A vision encoder replacement can be performed entirely through the JSON intent
configuration, without any modifications to the Engine code base.

H2: Replacing the older CLIP ViT-L/14-336px encoder with the newer SigLIP-2
SO400M encoder, while holding the LLM and training setup constant, leads to
improved scores on the MMBench benchmark.
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5.2.3 Procedure

In the first step, a baseline MLLM is declared in the JSON intent configuration using
Qwen/Qwen3-1.7B as the LLM and openai/clip-vit-large-patch14-336 as the vision
encoder, connected through a single projection layer. The configuration is handed to the
Engine, which assembles the model and trains the projection layer on COCO Captions
according to the configuration in Table 5.1. The trained baseline model is then evaluated
on the MMBench benchmark, which serves as the reference score for the comparison.

In the second step, a new intent configuration is created that is identical
to the baseline configuration except that the encoder node now references
google/siglip2-so400m-patch14-384 instead of openai/clip-vit-large-patch14-336.
The LLM node, the projection node, and the dataset node remain unchanged. The
new configuration is submitted to the Engine, which assembles the model from scratch
and trains the projection layer. Because the input dimension of the projection node is
derived from the connected encoder (see Section 4), the projection layer is automatically
initialized with the dimensions required by the new encoder.

In the final step, the rebuilt model is evaluated on the same benchmarks as the baseline.
The two scores are compared in order to assess whether the upgrade to the newer encoder
yields a measurable performance improvement. The experiment is considered successful
if both configurations are built and trained without any code changes to the Engine
(H1). A measurable improvement in benchmark scores would additionally confirm H2
and demonstrate that the modularity offered by the system translates into tangible
benefits for the resulting MLLM.

5.2.4 Benchmarks

MMBench [46] was selected because it is among the most widely adopted benchmarks
for MLLM evaluation in the literature [78] and provides broad multiple-choice cover-
age of visual understanding abilities across 20 fine-grained dimensions organized into
a three-level taxonomy. It evaluates models through multiple-choice VQA, where each
question is associated with one specific ability. The official evaluation protocol uses Cir-
cularEval, a strategy in which each question is presented multiple times with permuted
answer choices, to reduce the influence of position bias in the model’s predictions. In
this work, a simpler single-pass evaluation on the dev split is used instead, with each
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question posed once with its original option order. The benchmark is scored under two
complementary protocols, a generation-based protocol and a likelihood-based protocol,
which are described in Section 5.1.2. Under the generation-based protocol, the model
generates a completion of at most four tokens, and the option letter parsed from the
output is taken as the prediction. Outputs from which no option letter can be parsed are
counted as incorrect. A single aggregate accuracy is reported. A per-ability breakdown
is not produced.

5.2.5 Results

Both configurations were declared, assembled, and trained purely from their intent con-
figurations, with the two configurations differing only in the referenced encoder node,
and no changes to the Engine were required to build or train either model. This confirms
H1: the encoder replacement is expressed entirely through the intent configuration.

The generation-based protocol confirmed the format-compliance failure anticipated in
Section 5.1.2. A generation-based evaluation of the SigLIP-2 configuration under seed 2
yielded an MMBench accuracy of 0.003, as the caption-trained projection layer responds
to the multiple-choice prompts with descriptive prose rather than an option letter. These
scores are therefore not interpretable as a capability comparison, consistent with the
rationale for the likelihood-based protocol. The likelihood-based MMBench scores are
reported per seed in Table 5.3, together with the mean over the three seeds.
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Configuration Seed 2 Seed 42 Seed 534 Mean

CLIP (baseline) 0.345 0.345 0.332 0.341
SigLIP-2 (swap) 0.369 0.369 0.360 0.366

Table 5.3: Likelihood-based MMBench accuracy for Experiment 1 under seeds 2, 42, and
534. The baseline configuration uses openai/clip-vit-large-patch14-336
and the swap configuration google/siglip2-so400m-patch14-384, with all
user-specified settings held identical and the projection layer adapting auto-
matically to the encoder’s output dimension. The measured chance level of
the single-pass dev evaluation is 0.266.

Under the likelihood-based protocol, both configurations score above the measured
chance level of 0.266 by a clear margin (means of 0.341 and 0.366), indicating that
the projection layers did learn a usable feature alignment between the frozen encoder
and the frozen LLM. To verify that this margin reflects visual information rather than
the language prior of the LLM, both configurations were additionally scored under three
control conditions, reported in Table 5.4 and discussed below.

The SigLIP-2 configuration outperforms the CLIP baseline with non-overlapping per-
seed ranges. Every SigLIP-2 seed (0.360, 0.369, 0.369) scores above every CLIP seed
(0.332, 0.345, 0.345), and the gap between the means is 0.025. H2 is therefore supported,
as the newer encoder yields a consistent improvement that exceeds the seed-level varia-
tion observed in either configuration.

To determine whether the above-chance MMBench scores reflect learned visual alignment
rather than the language prior of the frozen LLM, both configurations were re-evaluated
under three control conditions on the same question set. Question-only baselines and
mismatched-image ablations are established diagnostic techniques in VQA robustness
research [27, 49], and Chen et al. [15] demonstrate their relevance for MLLM evaluation
by showing that LLMs answer a substantial fraction of MMBench and ScienceQA ques-
tions correctly from the language prior alone. Under the text-only condition, the visual
prefix is suppressed entirely, so the LLM answers from the question and answer options
alone. Under the shuffled condition, each question receives another question’s image,
preserving the presence of a visual prefix while removing the correct visual information.
Under the random-projection condition, the real image is encoded but passed through a
re-initialized projection whose weights are drawn from the same distribution used at the
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start of training, isolating the effect of projection training from the effect of the image
itself. Table 5.4 reports the mean over the three seeds for each condition, alongside the
trained scores and the measured chance level.

Condition CLIP (baseline) SigLIP-2 (swap)

Trained 0.341 0.366
Shuffled 0.302 0.296
Text-only 0.287 0.287
Random projection 0.280 0.281
Chance 0.266 0.266

Table 5.4: Mean MMBench accuracy over seeds 2, 42, and 534 under four scoring condi-
tions. Trained is the standard evaluation with the learned projection. Shuf-
fled feeds another question’s image. Text-only suppresses the visual prefix
entirely. Random projection passes the real image through a re-initialized
projection. Chance is mean(1/n_options) over the evaluated questions. The
text-only result is identical across all six bundles because suppressing the
prefix collapses each bundle to its bare LLM.

The trained models exceed the text-only baseline by 5.4 percentage points for CLIP
and 7.9 percentage points for SigLIP-2, confirming that the learned projections transmit
visual information that the LLM exploits. The shuffled condition, which preserves the
presence of a visual prefix but provides the wrong image, scores 3.9 and 7.0 percentage
points below the trained condition, so the improvement is attributable to the correct im-
age rather than to the mere presence of visual tokens. The random-projection condition
sits just above chance (0.280 and 0.281 against 0.266), confirming that the untrained
projection contributes negligibly and that the trained scores are a product of projec-
tion training. The language prior of the LLM itself accounts for only 2.1 percentage
points above chance (text-only 0.287 against chance 0.266), which is small relative to
the trained margin and confirms that MMBench is not dominated by text-answerable
questions in this evaluation.

The controls also provide a second perspective on the encoder comparison. The SigLIP-2
configuration gains 7.9 percentage points over its own text-only baseline, compared to
5.4 for CLIP. This indicates that the newer encoder not only scores higher in absolute
terms but also extracts more image-specific information through the projection layer.
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5.3 Experiment 2: Multi-Modality Expansion

5.3.1 Motivation and Objective

While the first experiment tests the replacement of an existing component, the second
experiment focuses on the complementary property of extensibility, or in other words,
the ability to expand an existing MLLM by adding an entirely new modality. The system
is designed to treat each modality as an independent branch consisting of an encoder,
a projection layer, and a dataset (see Section 4), all connected to the same LLM node.
Adding a new modality should therefore reduce to declaring the additional nodes in the
intent configuration alongside the existing ones, without altering the Engine itself.

This experiment tests this property by starting from a vision-only MLLM and extending
it with an audio modality, resulting in a Vision + Audio architecture.

5.3.2 Hypotheses

H3: Adding an audio modality branch to an existing vision-only MLLM is achievable
by declaring additional nodes in the intent configuration, without any changes to the
Engine’s execution logic.

H4: The resulting Vision + Audio model performs at least on par with the vision-only
baseline on MSR-VTT (MSR Video to Text), where audio carries complementary infor-
mation, indicating that the new modality is correctly aligned with the LLM’s embedding
space.

5.3.3 Procedure

In the first step, a vision-only baseline MLLM is declared in the intent configuration
with google/siglip2-so400m-patch14-384 as the vision encoder, a single projection
layer, and Qwen/Qwen3-1.7B as the LLM. This configuration is built and trained by the
Engine on COCO Captions as described in Section 4, and its baseline performance is
recorded on the MSR-VTT benchmark.

In the second step, a new intent configuration is created that reproduces the vision branch
from the first step and additionally declares a second modality, namely an encoder node
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referencing facebook/wav2vec2-base-960h, a new projection node, and a new dataset
node referencing AudioLLMs/audiocaps_qa_test as the audio training data. This cor-
pus is a Hugging Face redistribution of the test split of AudioCaps [36], a widely used
dataset of audio clips annotated with natural-language descriptions of the audible events,
and it therefore fills the same feature-alignment role for the audio projection layer that
COCO Captions fills for the vision projection layer. The choice of this particular distri-
bution is pragmatic, since the Engine loads training data directly from the Hugging Face
Hub, and the original AudioCaps release provides only YouTube identifiers whose audio
must be retrieved separately, whereas this distribution embeds the audio waveforms in
the dataset itself. Although the corpus is published upstream as an evaluation set for
audio-capable LLMs, using it for training introduces no train–test leakage, because this
experiment is evaluated exclusively on MSR-VTT. With 313 clips, the resulting audio
alignment corpus is considerably smaller than the vision corpus, a limitation that is
taken up again in the interpretation of the results below. The configuration is handed to
the Engine, which assembles and trains the complete Vision + Audio MLLM, including
both projection layers, according to the configuration in Table 5.1. The resulting Vi-
sion + Audio model is then evaluated twice on MSR-VTT: once with vision-only inputs
and once with both vision and audio inputs. Because both evaluations use the same
trained model, the difference between the two BLEU-1 scores isolates the contribution
of the audio input at inference time, while the comparison against the separately trained
vision-only baseline captures the effect of the architectural extension as a whole.

The experiment is considered successful if the addition of the audio branch is achievable
entirely through the intent configuration, without modifying the Engine (H3). If the
resulting Vision + Audio model additionally performs at least on par with the vision-only
baseline on MSR-VTT, this confirms H4 and provides evidence that the new modality
is correctly aligned with the LLM’s embedding space.

5.3.4 Benchmarks

MSR-VTT was selected because it is one of the few widely used video description bench-
marks whose clips retain their original audio channel alongside the visual content [75],
making it inherently multimodal. Purely visual benchmarks such as MMBench would
not be able to reveal the contribution of the audio branch, as they contain no audio
signal. Audio-visual benchmarks such as DAVE [57], which require both modalities to
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answer correctly, were considered but not selected because DAVE is designed as a diag-
nostic tool for evaluating audio-visual alignment in isolation, whereas this experiment
needs a benchmark where a vision-only baseline can already achieve a score so that the
incremental contribution of the audio branch becomes visible.

MSR-VTT comprises 10K web video clips with 200K clip–sentence pairs across 20 rep-
resentative categories. Because many of its clips contain both meaningful visual content
and an informative audio track, MSR-VTT provides a setting in which a vision-only
model can already achieve a baseline through visual cues alone, while a model that ad-
ditionally processes audio has access to complementary information that can improve its
answers. This property makes MSR-VTT well suited for the purpose of this experiment.
The vision-only baseline establishes a reference score, and an improvement observed
after adding the audio branch can, under the evaluation protocol described below, be
attributed to the contribution of the new modality.

The evaluation uses the mteb/MSR-VTT dataset, whose test split provides 879 clips with
the media embedded directly in the dataset. A data sample consists of a video track, a
separate 16 kHz audio track, and one reference caption per clip. This source is chosen
specifically because its clips retain their original audio, a property that the widely mir-
rored friedrichor/MSR-VTT distribution does not preserve. Its clips are silent, which
would make the audio branch indistinguishable from vision-only inference. Each clip
is represented by its middle frame, which is passed to the vision encoder as a single
representative image. This is a deliberate simplification as temporal dynamics across
frames are not captured, so the benchmark serves here as a caption-quality proxy rather
than a full video-understanding evaluation. When the audio branch is evaluated, the
clip’s accompanying 16 kHz mono audio track is passed to the audio encoder. For each
clip, the model generates a one-sentence description of at most 32 tokens. The reported
metric is unigram BLEU (BLEU-1) [55] with a brevity penalty, computed against the
clip’s single reference caption and averaged over all evaluated clips. While more elabo-
rate captioning metrics exist, BLEU-1 suffices for the relative comparison at the core of
this experiment, since all configurations are scored under an identical protocol.

5.3.5 Results

As in the first experiment, the Vision + Audio model was assembled and trained by
the Engine directly from the extended intent configuration, which reproduces the vision
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branch of the baseline and declares the audio encoder, projection, and dataset nodes
alongside it. No changes to the Engine’s execution logic were required to build, train,
or evaluate the extended model. This confirms H3 as the addition of a new modality
branch is expressed entirely through the intent configuration.

The BLEU-1 scores of all three evaluation settings are reported per seed in Table 5.5,
since the central comparison of this experiment is made within each trained Vision +
Audio model rather than between averaged configurations.

Configuration Seed 2 Seed 42 Seed 534 Mean

Vision-only baseline 0.1832 0.1790 0.1780 0.180
Vision + Audio, vision-only inference 0.1833 0.1802 0.1823 0.182
Vision + Audio, vision and audio inference 0.1006 0.1402 0.1512 0.131

Table 5.5: BLEU-1 scores on the mteb/MSR-VTT test split for Experiment 2 under seeds
2, 42, and 534. The two lower rows evaluate the identical trained Vision +
Audio model, once restricted to vision inputs and once with the audio track
additionally provided, so their per-seed difference isolates the contribution of
the audio input at inference time.

The comparison between the first two rows captures the effect of the architectural exten-
sion on the existing modality. Under vision-only inference, the Vision + Audio model
matches or slightly exceeds the separately trained vision-only baseline under every seed,
and the per-seed spread of both configurations is narrow at 0.005. Declaring and train-
ing the additional audio branch therefore did not degrade the vision pathway, which
is consistent with the architectural assumption that modality branches are trained and
operate as independent units (see Section 4).

The contribution of the audio input at inference time, however, is negative. Providing
the audio track lowers the BLEU-1 score under every seed, from 0.1833 to 0.1006 under
seed 2, from 0.1802 to 0.1402 under seed 42, and from 0.1823 to 0.1512 under seed 534.
This gap holds across all seeds. Even the weakest vision-only score of 0.1802 lies clearly
above the strongest with-audio score of 0.1512. H4 is therefore not confirmed because
the Vision + Audio model does not perform at least on par with its vision-only inference
when the audio input is provided, so the audio branch, although functional, does not
contribute complementary information under this evaluation.
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This degradation is explicable from the training regime rather than from a defect of
the extension mechanism. The Engine trains each projection layer sequentially on its
own modality dataset, the vision projection layer on COCO Captions and the audio
projection layer on AudioCaps, so no training sample ever contains both modalities, and
while either branch is trained the other modality slot is filled by the learned missing-
modality embedding (see Section 4.3). Joint vision-and-audio conditioning at inference
therefore presents the frozen LLM with an input combination that was never observed
during training. Two further factors increase this effect: the audio projection layer
was aligned on curated audio-event descriptions from AudioCaps, whereas MSR-VTT
soundtracks consist of in-the-wild web-video audio such as music, speech, and ambient
noise, and the audio alignment corpus is considerably smaller than the vision corpus.
The seed-level behavior points in the same direction, as the magnitude of the degrada-
tion varies strongly across seeds (0.031 to 0.083) while the vision-side scores vary by no
more than 0.005, which is consistent with an undertrained and therefore unstable audio
pathway. Dodge et al. [21] show that fine-tuning outcomes vary substantially across
random seeds, and that this variance is amplified when the training set is small, which
matches the pattern observed here for the audio branch aligned on only 313 samples.
That an added modality can lower rather than raise performance is a known difficulty of
multimodal training. Wang et al. [70] find that a late-fusion audio-visual classification
network is outperformed by its vision-only counterpart, and attribute this to the modal-
ities overfitting and generalizing at different rates under a single shared optimization
strategy. That mechanism does not transfer directly to this experiment, whose branches
are aligned separately rather than jointly. The same authors note, however, that ar-
chitectures which avoid joint training by combining independently trained uni-modal
components are themselves likely to be sub-optimal for that very reason, which is the
situation the sequential per-branch alignment produces here.

In summary, the extensibility property under test is confirmed at the workflow and
architecture level. The new modality is added purely declaratively (H3), and its addition
leaves the existing modality unimpaired. The performance criterion of H4 is not met, as
inference-time audio input lowers the caption quality instead of preserving or improving
it. This outcome indicates that the sequential per-branch alignment executed by the
Engine suffices to integrate a new modality mechanically, but not to calibrate the joint
use of several modalities at inference, for which a jointly multimodal training stage would
be required.
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5.4 Experiment 3: Reproducing a Published Architecture

5.4.1 Motivation and Objective

The third experiment validates the system’s ability to reproduce an existing MLLM
architecture entirely through the JSON intent configuration, without writing any custom
model code. A successful reproduction demonstrates that the intent configuration and
the Engine can express real-world architectures that have been independently designed
and published, not only the configurations used in the previous two experiments, and
that the resulting model is functional in the sense that it performs measurably above
chance, even though the omission of the instruction tuning stage likely places it below
the published results.

5.4.2 Hypotheses

H5: The system can express the full LLaVA-1.5 Stage-1 architecture: specifically CLIP
ViT-L/14-336px encoder, two-layer MLP projection, and Vicuna-7B LLM, through the
intent configuration, without any custom model code.

H6: The resulting model performs above random chance on ScienceQA (image subset)
and MMBench under the likelihood-based scoring protocol (see Section 5.1.2), confirming
that projection-only training produces a functional feature alignment between the vision
encoder and the LLM.

5.4.3 Choice of Model

LLaVA-1.5 [45] was selected as the target model for the reproduction based on the follow-
ing criteria. Architecturally, LLaVA-1.5 follows a clean encoder–projection–LLM pat-
tern, in which a CLIP ViT-L/14-336px vision encoder is connected to an LLM through
a two-layer MLP projection with Gaussian Error Linear Unit (GELU) activations. This
pattern maps directly onto the component types supported by the system (see Section 4),
and it does not require any additional mechanisms such as LoRA or other adapter mod-
ules, which are not currently supported. The training data required for the feature
alignment stage is publicly available on Hugging Face, which is the only dataset source
the system currently supports. liuhaotian/LLaVA-Pretrain provides the LCS-558K
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image–text pair subset used for Stage 1 in LLaVA-1.5. The original 2023 LLaVA paper
[44] used a filtered 595K subset of CC3M for Stage 1, but reproducing that exact cor-
pus in 2026 is impractical due to heavy link rot in the underlying CC3M image URLs.
LLaVA-1.5’s LCS-558K is the reproducible choice and is bundled with its images on
Hugging Face. LLaVA-1.5 also reports results on well-established and publicly accessi-
ble benchmarks, namely ScienceQA and MMBench, which overlap with the benchmarks
used in Experiment 1 and therefore allow the evaluation pipeline to be reused. Finally,
LLaVA and LLaVA-1.5 are widely cited and reproduced MLLMs in the literature, with
open-source code, weights, and detailed documentation of their training procedures,
which makes them a robust target for a reproduction study [29, 81].

LLaVA-1.5 uses Vicuna-7B/13B v1.5 as its language backbone. Unlike Experiments
1 and 2, which use Qwen/Qwen3-1.7B across all configurations, this experiment uses
lmsys/vicuna-7b-v1.5 as the base LLM to stay as close to the original architecture as
possible. This substitution also serves as an additional demonstration of the system’s
modularity. Because the LLM node is simply exchanged in the intent configuration, and
the Engine handles the change without any code modification.

LLaVA-1.5 employs a two-stage pipeline in which the second stage (visual instruction
tuning) jointly fine-tunes the projection layer and the LLM. Because the system trains
only projection layers while all backbones remain frozen (see Section 5), this experiment
omits the second stage and trains only the feature alignment stage. The evaluation ad-
ditionally uses the likelihood-based protocol rather than the generation-based protocol
of the original paper (see Section 5.1.2), so the resulting scores are not directly compa-
rable to the published figures. The comparison therefore focuses on whether the system
can correctly assemble the architecture and produce a model that performs above chance
through projection-only training, rather than on matching the published performance.

Several other MLLMs were considered as targets for the reproduction but eventually
discarded. Emotion-LLaMA [18] was initially attractive due to its multimodal vision
and audio architecture and its domain-specific focus on emotion recognition, which would
have aligned well with both Experiment 2 and the system’s modularity claim. It was,
however, excluded for two reasons: it requires LoRA fine-tuning alongside the projection
layer, which the system does not currently support, and its training dataset is not
available on Hugging Face. MiniGPT-4 [86] follows a similar encoder–projection–LLM
architecture, but is less extensively benchmarked than LLaVA and uses a more complex
two-stage alignment and curation pipeline. mPLUG-Owl [77] has a modular design that
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aligns well with the philosophy of the system, but its architecture relies on a separate
visual abstractor module and a multi-stage training procedure that adds complexity
beyond what is needed to validate the system.

5.4.4 Procedure

In the first step, the LLaVA architecture is declared in the intent configuration by spec-
ifying openai/clip-vit-large-patch14-336 as the vision encoder, a two-layer MLP
projection with GELU activations as the projection layer, and lmsys/vicuna-7b-v1.5
as the LLM.

In the second step, the feature alignment stage is executed using the
liuhaotian/LLaVA-Pretrain dataset, corresponding to Stage 1 of the LLaVA-
1.5 training procedure.

In the third step, the resulting model is evaluated on the same benchmarks reported
in the LLaVA-1.5 paper, namely the image subset of ScienceQA and MMBench, under
both scoring protocols of Section 5.1.2.

The experiment is considered successful if the full LLaVA-1.5 Stage-1 architecture can
be expressed through the declarative intent configuration without custom model code
(H5), and if the resulting model performs above random chance on ScienceQA and MM-
Bench under the likelihood-based protocol (H6). A model that meets H6 demonstrates
that the projection layer successfully aligns the visual encoder’s output with the LLM’s
embedding space, which is the core operation the system automates.

5.4.5 Benchmarks

ScienceQA and MMBench were selected because both are reported in the original
LLaVA-1.5 paper [45], which enables a direct comparison between the reproduced
model and the published results. Using the same benchmarks as the target model
avoids the methodological ambiguity that would arise from evaluating on a different set
of tasks. MMBench additionally overlaps with Experiment 1, allowing the evaluation
pipeline to be reused and providing a cross-experiment reference point.

ScienceQA [47], in its image subset, is a multiple-choice VQA benchmark that requires
multimodal reasoning over scientific diagrams and natural images. The evaluation is
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restricted to the questions of the test split that include an image, matching the image
subset reported in the original paper. The answer options of each question are presented
as lettered choices, and the first option letter parsed from the model’s completion is
scored against the ground truth, with unparseable outputs counted as incorrect. As
for MMBench, a single aggregate accuracy is reported. LLaVA-1.5 (7B) reports 66.8
% accuracy on ScienceQA (image subset) after the full two-stage pipeline [45], so this
reproduction’s score is expected to be notably lower.

MMBench [46] provides a comprehensive multi-ability evaluation covering 20 fine-grained
dimensions (see Experiment 1). LLaVA-1.5 (7B) reports 64.3 % on MMBench-EN after
the full two-stage pipeline [45]. The same single-pass evaluation protocol as in Experi-
ment 1 is applied.

5.4.6 Results

The full LLaVA-1.5 Stage-1 architecture was declared in a single intent configuration,
from which the Engine assembled and trained the model once per seed, and no changes
to the Engine code base were required at any point. In particular, the exchange of the
language backbone from Qwen/Qwen3-1.7B to lmsys/vicuna-7b-v1.5 was expressed
by editing one node of the configuration, in the same way as the encoder exchange in
Experiment 1. This confirms H5 as the intent configuration can express an independently
designed and published MLLM architecture without any custom model code.

As in Experiment 1, the generation-based protocol confirmed the format-compliance
failure anticipated in Section 5.1.2, with accuracies below 0.01 on both benchmarks
across all seeds. The assessment of H6 therefore rests on the likelihood-based scores.
The likelihood-based scores are reported in Table 5.6 as the mean over the three seeds,
together with the measured chance baselines and the published LLaVA-1.5 reference
scores.

Model
ScienceQA (image)
acc.

MMBench
acc.

LLaVA-1.5 Stage-1 reproduction 0.414 0.506
Measured chance baseline 0.355 0.266
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LLaVA-1.5 (7B), published [45] 0.668 0.643

Table 5.6: Likelihood-based benchmark accuracies for Experiment 3, averaged over seeds
42, 2, and 534. The chance baselines are measured as the mean number of an-
swer options over the evaluated questions (see Section 5.1.2). The published
LLaVA-1.5 (7B) scores are included for orientation only, as they were ob-
tained after the full two-stage training pipeline and under a generation-based
protocol.

The reproduced model scores above chance on both benchmarks under every seed. On
MMBench, the per-seed accuracies range from 0.493 to 0.513 and thereby reach nearly
twice the measured chance level of 0.266. On ScienceQA, the margin is smaller but
present under every seed. The per-seed accuracies range from 0.408 to 0.419 against a
chance level of 0.355, which is elevated because many questions of the image subset offer
only two or three answer options. The per-seed spread is narrow on both benchmarks,
0.012 on ScienceQA and 0.020 on MMBench, and in contrast to Experiment 1 the seed
ranking is consistent across benchmarks, with seed 534 producing the weakest score on
both.

Both scores fall short of the published values of 0.668 and 0.643, though the two results
are not directly comparable. The published scores were obtained under a generation-
based protocol (see Section 5.1.2), and the models behind them underwent instruction
tuning omitted here (see Section 5.4.4). The published values therefore serve as an
orientation rather than as a quantitative baseline, and the quantitative criterion of this
experiment remains the comparison against the measured chance level.

To isolate the visual contribution of the learned projection, the same three control condi-
tions described in Section 5.2.5 were applied to the reproduced model. Table 5.7 reports
the mean over seeds 2, 42, and 534 for each condition on both benchmarks.

Condition ScienceQA (image) acc. MMBench acc.

Trained 0.414 0.506
Shuffled 0.365 0.317
Text-only 0.475 0.297
Random projection 0.347 0.259
Chance 0.355 0.266
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Condition ScienceQA (image) acc. MMBench acc.

Table 5.7: Mean likelihood-based accuracy over seeds 2, 42, and 534 under four scoring
conditions. The text-only result is identical across all three seeds because
suppressing the visual prefix collapses each to the bare Vicuna-7B LLM.

The two benchmarks yield opposite verdicts on whether the model outperforms a blind
LLM, and the controls reveal why.

On MMBench, the trained model exceeds the text-only baseline by 20.9 percentage
points and the shuffled condition by 18.9 percentage points, while the random-projection
condition sits near chance (0.259 against 0.266). The language prior accounts for only
3.1 percentage points above chance (text-only 0.297 against chance 0.266), so the trained
margin is attributable to the learned visual alignment. On MMBench, H6 is confirmed.

On ScienceQA, the text-only baseline scores 0.475, which is 12.0 percentage points above
chance and 6.1 percentage points above the trained model. Prepending visual tokens
through the caption-trained projection costs accuracy on a benchmark whose questions
are largely answerable from the text alone. The trained model nevertheless beats the
shuffled condition by 4.9 percentage points and the random-projection condition sits at
chance (0.347 against 0.355), so the projection does transmit image-specific information.
On ScienceQA, the alignment is functional in the sense that the correct image outper-
forms a wrong one, but the net effect is negative because the text-only baseline already
exceeds chance by 12.0 percentage points (0.475 against 0.355), and prepending visual
tokens through the projection displaces more of this text-based signal than it adds in
visual information.

H6 therefore splits into two claims. The alignment claim, that projection-only training
produces a feature alignment that transmits image-specific information, holds on both
benchmarks and under every seed. The usefulness claim, that the resulting model out-
performs a blind LLM, holds on MMBench and fails on ScienceQA. The difference traces
to how much each benchmark can be solved from text alone, 3.1 percentage points above
chance on MMBench against 12.0 on ScienceQA, which determines whether the visual
information added by the projection exceeds the text-based signal it displaces.
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The MMBench score additionally provides the cross-experiment reference point antici-
pated in the benchmark selection. The reproduction reaches a mean MMBench accuracy
of 0.506, whereas the configurations of Experiment 1, evaluated under the identical pro-
tocol and chance baseline, reach 0.341 and 0.366 (see Table 5.3). This comparison is
directional only, since the two experiments differ in the language backbone (seven bil-
lion against 1.7 billion parameters), the alignment corpus (LCS-558K against COCO
Captions), and the executing hardware. The direction of the difference is nevertheless
consistent with the expectation that a larger language backbone and a larger alignment
corpus improve the attainable performance of the feature alignment stage.
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Taken together, the three experiments exercise the system across a non-trivial range
of LLMs, encoders, modalities, and datasets. In each case the architectural change
was expressed through the JSON intent configuration described in Section 4, with the
Engine handling preprocessor selection, projection-dimension matching, and training
execution without further manual intervention. Two LLM families at different scales are
covered, with Qwen/Qwen3-1.7B in Experiments 1 and 2 and lmsys/vicuna-7b-v1.5
in Experiment 3. The three encoders exercised span two modalities, namely
openai/clip-vit-large-patch14-336 and google/siglip2-so400m-patch14-384
for vision and facebook/wav2vec2-base-960h for audio. The training data varies
along the same lines. The vision projection layers of Experiments 1 and 2 are
trained on jxie/coco_captions, the audio branch of Experiment 2 is aligned on
AudioLLMs/audiocaps_qa_test, and Experiment 3 uses liuhaotian/LLaVA-Pretrain
to match the corpus of the reproduced model. Each of these substitutions of the LLM,
the encoder, the modality, or the training data required editing only the corresponding
node in the intent configuration, while the remainder of the pipeline definition stayed
untouched.

Each experiment targets a distinct property of the system. Experiment 1 is a controlled
component swap that replaces the CLIP vision encoder with SigLIP-2 while holding the
LLM, the dataset, and all user-specified training parameters constant, so that the two
resulting configurations differ only in the encoder and the derived projection dimensions.
Experiment 2 extends a vision-only baseline with an audio branch, demonstrating that
the system can scale from a single-modality to a multimodal architecture through the
addition of new nodes in the intent configuration. Experiment 3 substitutes both the
LLM and the dataset to reproduce the published LLaVA-1.5 architecture, validating
that the system can express real-world MLLM designs and not only the configurations
constructed for the preceding experiments.
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This breadth of coverage supports the claim of modularity and generalizability of the
tool formulated in the research question (see Section 1). The same Engine code base
handled all three experiments without modification, demonstrating that the intent-based
design separates the “what” of the model architecture from the “how” of its assembly
and training.

The development history of the platform provides evidence for this separation. The
JSON intent configuration was designed before any Engine code existed and served as
the fixed contract between the two components from then on. Export, caching, and
numerical precision handling were each revised several times over the course of the
work, yet the configuration schema remained largely stable and no revision invalidated
an existing pipeline definition. The Designer was consequently developed against the
schema alone and remained unaffected by the concurrent rewrites of the Engine internals
it never observes.

The interchangeability demonstrated by the experiments also rests on an architectural
mechanism that resolves a practical obstacle to component swapping. Encoders and
LLMs expose embedding spaces of differing dimensionality, so a naive exchange of either
component would break the tensor contract between them. As described in Section 4,
the Engine derives the input dimension of each projection layer from the output of
the connected encoder and its output dimension from the input embedding size of the
connected LLM. Dimension bookkeeping is thereby lifted from the user into the platform,
which is what allows the encoder swap of Experiment 1 and the LLM substitution of
Experiment 3 to be expressed as edits to a single node while the projection layers adapt
automatically.

Dimension matching is, however, only the most visible instance of the bookkeeping the
Engine absorbs. The Hugging Face ecosystem exposes no uniform contract between
models, preprocessors, and datasets. Preprocessors disagree on the names of their input
arguments, audio datasets differ in how their waveforms are decoded, compound encoders
do not indicate which of their sub-models determines the relevant embedding dimension,
and dataset columns frequently require casts before they can be used. A considerable
part of the Engine code therefore consists of adapter logic that resolves such differences
case by case, in one instance by invoking a preprocessor experimentally and parsing
the resulting error message to discover the expected argument name. Absorbing this
heterogeneity constituted one of the largest engineering efforts of the project, and it is
exactly this effort that the intent-based abstraction removes from the user.
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Looking at the hypotheses formulated in Section 5, the results divide into two groups
with different outcomes. The workflow hypotheses H1, H3, and H5, which assert that
a component replacement, a modality extension, and the reproduction of a published
architecture can each be expressed purely through the intent configuration, are con-
firmed. The performance hypotheses show a more differentiated picture. H6 is partially
confirmed. The control conditions of Table 5.7 establish that the learned projection
transmits image-specific information on both benchmarks, as the trained model outper-
forms both the shuffled condition and the random-projection condition, whose scores sit
at chance. On MMBench the trained model additionally exceeds the text-only baseline
by over 20 percentage points, confirming that the visual alignment produces a bene-
fit. On ScienceQA the text-only baseline scores above the trained model, because the
text-only accuracy already exceeds chance by 12 percentage points and prepending vi-
sual tokens displaces more of this text-based signal than it adds (see Table 5.7). H2
is supported, as SigLIP-2 outperforms CLIP on MMBench (see Table 5.3). H4 is not
confirmed, because providing the audio input at inference lowers the caption quality
under every seed tested instead of preserving it (see Table 5.5).

This split carries the central lesson of the experimental part. Declarative composition
succeeded in every case, as each declared architecture was assembled, trained, and deliv-
ered as a functional model. Yet the resulting models did not uniformly benefit from the
architectural changes expressed, which shows that mechanical composability guarantees
that a configuration is realizable, not that it is advantageous. The platform consequently
shifts the effort of MLLM construction away from implementation and toward the ex-
perimental validation of the composed design, which is precisely the iteration loop the
intent-based approach is meant to accelerate.

How such validation must be conducted is itself a finding of the experiments. The
generation-based protocol proved uninformative for every configuration under test. Pro-
jection layers aligned solely on caption data respond to multiple-choice prompts with
descriptive prose, so the near-zero generation-based scores observed in Experiments 1
and 3 measure answer-format compliance rather than visual capability. For models that
have not been instruction-tuned, the likelihood-based protocol of Section 5.1.2 is there-
fore not a methodological convenience but a prerequisite for interpretable scores. The
seed sweeps proved equally important. In Experiment 1 the three-seed sweep was essen-
tial to establishing H2, as it revealed non-overlapping per-seed ranges on MMBench that
a single run could not have demonstrated. The narrow and consistently ranked per-seed
spread of Experiment 3 shows that this variability is not a property of the evaluation
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pipeline itself but of the small effect sizes at this training scale. Benchmark comparisons
between projection-only models should consequently be based on repeated runs, and
single-run results treated as indicative at best.

The control conditions reported in Table 5.4 and Table 5.7 add a third methodological
lesson. Scoring above the uniform-chance baseline does not, by itself, establish that
a model uses the image, because the likelihood-based protocol ranks answer options
under the LLM, and the language prior can carry a question without any visual input.
This is the critique raised by Chen et al. [15] for MMBench and ScienceQA in the
context of their MMStar benchmark. The text-only baselines measured here confirm it
in this thesis’s own setup, with the text-only score exceeding chance by 12 percentage
points on ScienceQA against only 3 percentage points on MMBench. The shuffled and
random-projection conditions then isolate the visual contribution, which is present on
both benchmarks but masked on ScienceQA by the larger text-based signal it displaces.
Reporting above-chance scores without a blind baseline is therefore insufficient for any
claim about visual alignment, and future work with the platform should include such
controls as a standard part of the evaluation.

A further observation of the same kind concerns failure modes that surface only in long
training runs. Several defects passed every short validation run and appeared after
thousands of steps, among them the fp16 overflow described in Section 5.1.1 and evalu-
ation runs that silently produced all-zero scores instead of raising an error. The Engine
therefore gained explicit guards over the course of the experiments, including a finiteness
check on the training loss, a rejection of degenerate evaluation results, and the logging
of raw model outputs alongside the computed scores. These guards were introduced
reactively, yet without them the reported results could not have been trusted. Trust-
worthy comparisons further required the pipeline to be made deterministic, with fixed
seeds propagated to every library involved and all Hugging Face models and datasets
pinned to specific revisions.

A comparable lesson emerged from the delivery of the trained models. Because the
resulting artifact is not a single network but a graph of encoders, projection layers, and
an LLM held together by orchestration logic, established export paths turned out not
to be compatible. Both torch.export and ONNX were tried, but both failed on the
dynamic input shapes and the non-serializable structures that multimodal composition
produces. The export mechanism described in Section 4, a custom Python runtime
combined with a safetensors file of the trainable weights, is thus not a first choice but
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the conclusion of an elimination process. The absence of a standard format able to
represent compositional MLLMs is taken up again as an open problem in the following
chapter.

The two performance shortfalls, finally, share a common origin in the training regime
rather than constituting independent defects. Both the audio-induced degradation of Ex-
periment 2 and the distance between the reproduction of Experiment 3 and its published
reference trace back to the same design boundary. The Engine aligns each projection
layer in isolation against frozen backbones, and no jointly multimodal training stage or
instruction tuning follows. In Experiment 2, this sequential per-branch alignment means
that each projection layer is only ever optimized in a context where the other modality
slot holds its learned missing-modality embedding, so the joint input presented at in-
ference is a configuration through which no gradient ever passed and for which the two
projection layer outputs were never calibrated to coexist. In Experiment 3, the omission
of the visual instruction tuning stage, which in the original pipeline jointly fine-tunes
the projection layer and the LLM, leaves the reproduction functional but necessitates
likelihood-based scoring in place of the generation-based protocol used by the original
authors, so the two sets of scores are not directly comparable. This boundary is the
direct consequence of the frozen-backbone invariant described in Section 5.1.1. The
experiments quantify the cost of this trade-off.

The observed performance levels are partly a consequence of the experimental design pri-
oritizing controlled comparison over optimized quality. The training hyperparameters,
including learning rate, projection depth, and step budget, were held constant across all
configurations to isolate the variable under test rather than tuned for best achievable
performance. Within the frozen-backbone paradigm itself, there is room for improve-
ment through hyperparameter optimization, larger or more diverse training corpora,
and deeper or wider projection architectures. Beyond projection-only training, instruc-
tion tuning via parameter-efficient methods such as LoRA [33] would extend the system
without abandoning its core design properties, since automatic dimension matching and
the declarative configuration remain intact when only adapter weights are added to the
trainable surface. The frozen-backbone constraint therefore represents the floor of what
the current prototype demonstrates, not the ceiling of what the intent-based approach
can deliver.

Returning to the research questions posed in Section 1.2, the experiments permit a direct
answer to each. RQ1 asked whether a modular, intent-based platform can enable the
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composition, extension, and component-by-component replacement of MLLMs without
direct code changes. The three experiments confirm that it can. Every architectural
change tested, an encoder replacement, a modality extension, and the reproduction of
a published architecture, was expressed entirely through the JSON intent configuration,
and the same Engine code base handled all three without modification. The composition,
replacement, and extension of the model itself require no code changes, while ingesting
a dataset whose layout the column-mapping mechanism does not cover still requires a
per-dataset preparation step outside the platform.

RQ2 asked whether the models produced by the platform yield functionally adequate
outputs, in the sense of scoring measurably above chance on multimodal evaluation
tasks. The answer is partially affirmative and qualified by the control conditions. The
experiments establish that projection-only training produces a feature alignment that
transmits image-specific information in every configuration tested, as trained models
consistently outperform both the shuffled and random-projection conditions (see Ta-
ble 5.4 and Table 5.7). Whether this alignment translates into a benefit over a blind
LLM depends on the benchmark. On MMBench, where the language prior accounts
for only a small margin above chance, both Experiment 1 and Experiment 3 show clear
gains from the visual pathway. On ScienceQA, where the language prior alone reaches 12
percentage points above chance, the visual prefix displaces more text-based signal than
it adds, and the trained model scores below the text-only baseline. The encoder swap
of Experiment 1 produces a consistent improvement on MMBench with non-overlapping
per-seed ranges, supporting H2. The multimodal extension of Experiment 2 did not pre-
serve the vision pathway’s performance when the audio input was provided at inference,
so H4 is not confirmed. Taken together, projection-only alignment reliably produces a
functional feature alignment between frozen encoders and frozen LLMs, but whether
that alignment improves over a blind baseline depends on how much the benchmark
can already be solved from text alone, and the calibration of multimodal interplay lies
beyond what the current single-branch training mode can deliver.
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The current system provides a functional prototype that demonstrates the viability of
intent-based MLLM construction, but the prototype is bounded by a number of archi-
tectural and practical constraints. This chapter first describes these limitations and then
outlines directions for future work.

7.1 Limitations

The system imposes several architectural constraints that bound the space of models it
can express. The LLM component must be a causal language model with a decoder-only
architecture, such as LLaMA, Qwen, or GPT, that exposes get_input_embeddings()
and lm_head. Sequence-to-sequence architectures such as T5 or BART and encoder-
only models such as BERT are not supported, as the projection-injection mechanism is
designed specifically for the causal decoder forward pass. The projection layers follow a
fixed MLP design with GELU activations. While the depth and width of this MLP can
be configured through the configuration, alternative architectures such as Q-Former-style
cross-attention [42], residual connections, or different normalization strategies cannot be
expressed. Furthermore, the system relies exclusively on the Hugging Face Transformers
ecosystem for model and dataset access. Only models that can be downloaded and
executed through the Hugging Face API are supported, and access to gated models
requires a valid user access token from Hugging Face. Because the Engine loads encoder
weights using Hugging Face’s trust_remote_code mechanism, users must be aware that
this executes arbitrary Python code provided by the model author, which introduces a
potential security consideration.

The reliance on Hugging Face also extends to the structure of the training data. Datasets
on Hugging Face do not follow a common schema, as each dataset defines its own, some-
times unique, layout of columns and nested structures. The column-mapping mechanism
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of the dataset node covers datasets whose samples can be expressed as flat input and
target columns, but it cannot ingest arbitrary layouts. For the experiments in this work,
the training corpora had to be reshaped into this flat format in a preparation step before
training. The system can therefore not consume every dataset published on Hugging
Face out of the box, and a general solution for arbitrary dataset formats remains out
of scope for the current prototype. The reliability of the public dataset infrastructure
proved to be a constraint of its own. Streamed downloads failed intermittently during
the experiments, so the streaming-first design had to be supplemented with retry logic
and the local materialization cache described in Section 5.1.1 before long training runs
became dependable.

The training pipeline carries additional constraints. Only projection layers are trained
while all backbone components remain frozen. When a configuration declares several
modalities, the Engine aligns each projection layer sequentially on its own dataset and
fills the remaining modality slots with the learned missing-modality embedding (see Sec-
tion 4.3). As analyzed in Section 6, this training regime cannot match the performance of
approaches that jointly fine-tune the LLM alongside the projection layers and leaves the
joint use of several modalities at inference uncalibrated. Training datasets in streaming
mode are iterated sequentially without shuffling, which can lead to correlated gradient
updates for datasets with inherent ordering, such as those sorted by label or timestamp.
The only metric computed during training is cross-entropy loss. Task-specific evaluation
metrics such as BLEU, VQA accuracy [27], or word error rate are not integrated, which
limits the ability to assess model quality during the training process itself. The learning
rate schedule uses linear warmup followed by cosine decay, with the total step count
derived from the actual dataset length or, where a step limit is configured, from that
limit. Only when a dataset is streamed without a determinable length and no step limit
is set does the scheduler fall back to a constant learning rate after warmup, which lacks
the stabilizing effect of decay over long runs. No maximum token length is enforced
through truncation of text inputs before collation, meaning a single unusually long sam-
ple can cause out-of-memory errors for the entire batch. The training loop also lacks
checkpointing, so an interrupted run cannot be resumed and must be restarted from the
beginning.

Reproducibility is additionally bounded by the reliance on a live model hub. Results are
repeatable only when the models and datasets involved are pinned to specific revisions,
as unpinned references may resolve to different contents over time. Support for this
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pinning was added to the intent configuration and is therefore available but not enforced.
Configurations without pinned revisions remain non-reproducible.

Hardware requirements also represent a practical constraint. Experiments 1 and 2 were
conducted on a single NVIDIA A100 with 40 GB of VRAM, which is the minimum
configuration required to run the system with the models tested, while Experiment 3
was executed on a single NVIDIA H100 NVL with 94 GB of VRAM due to the availability
of compute resources at the time. Users with less capable hardware may be unable to
train configurations that include larger LLMs or high-resolution vision encoders.

Finally, the experiments support the claim of generalizability of the tool but do not
cover every case. Only one audio encoder is exercised, and both vision encoders belong
to the CLIP/SigLIP family. LLM scaling is not tested beyond 7B, and the trained
projection layers are not evaluated for cross-dataset transfer. These are scope decisions
consistent with a tooling contribution rather than a model-quality study, but they bound
the strength of any generalization argument that could be drawn from the results.

7.2 Outlook

Several of these limitations translate directly into directions for future work.

The training pipeline would benefit most from extensions that bring it closer to the
multi-stage procedures used by published MLLMs. Introducing multi-stage training,
where projection layers are first pre-trained on large-scale alignment data and then fine-
tuned on task-specific corpora, would enable higher-quality models, as demonstrated by
the two-stage procedures of LLaVA [44] and mPLUG-Owl [77]. The same applies to
joint fine-tuning of the projection layers together with the LLM via parameter-efficient
methods such as LoRA [33], which mPLUG-Owl employs in its second training stage.
Adding a dedicated instruction tuning stage, whether through LoRA or through fine-
tuning of the projection layers on instruction-following data, would address both the
answer-format compliance failures observed in Experiments 1 and 3 and the gap be-
tween the Experiment 3 reproduction and its published reference scores. Systematic
hyperparameter optimization, such as learning rate sweeps, projection depth and width
searches, and optimizer selection, would further improve model quality within the cur-
rent frozen-backbone paradigm without requiring architectural changes to the Engine.
Related improvements include early stopping based on validation loss and alternative
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loss functions. Data augmentation, such as random cropping and color jitter applied
before the vision preprocessor, would expose the projection layers to a wider region of
the embedding space produced by the frozen encoders and could improve the robust-
ness of the learned alignment. When multiple datasets are configured, they are currently
trained sequentially rather than interleaved, which risks catastrophic forgetting of earlier
modality alignments. An interleaved or mixed-batch sampling strategy would mitigate
this risk. Adding periodic checkpoint saves would address the missing resumability and
make long training jobs more resilient. Gradient checkpointing on the projection lay-
ers themselves would reduce GPU memory consumption and enable training of deeper
projection architectures on memory-constrained hardware. Finally, explicit multi-GPU
support through data-parallel training would allow the system to scale beyond the single-
GPU configurations tested in this work.

On the frontend side, several features would lower the barrier to entry for non-expert
users. A dataset inspection feature that detects the contained modalities and suggests
suitable column mappings when a dataset node is configured would reduce configura-
tion errors. Similarly, integrating search and autocomplete for Hugging Face model IDs
and dataset column names would remove the requirement for users to know exact identi-
fiers. A template library with importable model configurations for common architectures
(e.g., CLIP vision encoder + Whisper audio encoder + Qwen LLM) would accelerate
experimentation. A pre-export validation pass that detects orphaned nodes, missing
connections, and incomplete configurations would prevent failed training runs that cur-
rently only produce console warnings. Support for uploading local dataset files in formats
such as CSV, JSON, or Parquet would allow users to train on private datasets without
first publishing them to Hugging Face. Usability would further benefit from session per-
sistence with auto-save and an undo/redo history stack, automated build-status polling
with progress indicators, and hyperparameter presets with contextual help tooltips.

The training monitoring capabilities could also be extended. Validation loss is currently
only reported as a numeric value in the status stream. Integrating a live loss curve,
per-modality accuracy metrics, or support for standard benchmarks would give users
actionable feedback on whether the projection layers are converging and would narrow
the evaluation gap described above. The guards that were added reactively during
the experiments (see Section 6) point in the same direction. A platform that trains
user-defined architectures should provide such guardrails by default, because its users
will encounter the same silent failure modes without the diagnostic context that was
available during this work.
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From an architectural perspective, the most impactful extension would be a plugin sys-
tem for new node types and modalities. The Engine already accepts arbitrary modality
strings and attempts to resolve a suitable Hugging Face preprocessor generically, and
the Designer likewise treats the modality as a free-form label. What is missing is a
mechanism for third parties to contribute encoder types or preprocessing logic that the
Hugging Face ecosystem does not provide, without modifying the core code base. A
plugin registry of this kind would directly serve the extensibility aspect of the research
question formulated in Section 1.2, which asks for a platform that enables the extension
of MLLMs without direct code changes. The Engine currently also assumes exactly
one LLM node per pipeline. Supporting multiple LLMs for ensemble outputs or rout-
ing architectures, as well as recurrent connections, would unlock more expressive model
topologies.

Finally, the export and deployment pipeline presents further opportunities. The ex-
ported runtime currently processes one sample at a time with no encoder output caching.
Batched inference, caching of encoder embeddings across multiple text queries for the
same multimodal input, and streaming token generation would improve the practicality
of deployed models. Because the trained artifact is a multi-component graph with cus-
tom orchestration logic, no existing standard format (GGUF, LoRA adapters, ONNX)
can represent it directly. Developing a standardized, versioned export format or con-
tributing the architecture as a first-class Hugging Face model type would improve repro-
ducibility and simplify sharing across teams. Neither the export format nor the JSON
pipeline configuration currently carries a version identifier, meaning older configurations
may silently break as the schema evolves. Adding a schema_version field would enable
forward-compatible parsing and migration paths. Enabling revision pinning by default
would complement such a version field, turning a pipeline configuration into a repro-
ducible artifact rather than a reference into a moving ecosystem.
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A Appendix

A.1 Tools Used

Table A.1 lists the tools and aids used while working on the topic of this Master thesis.

Tool Usage
LATEX Typesetting and layout tool used to create this document
Gemini Writing style, grammar, translation and research
Claude Writing style, grammar, translation and research
Zotero Reference management
Google Scholar Literature search and research
NotebookLM Literature search and research

Table A.1: Tools and Aids Used

A.2 Full JSON Configuration Example

Listing A.1 shows the complete JSON Intent exported from the two-modality design
in Figure 4.3, of which Listing 4.1 presents the vision path. A vision and an audio
modality path, each consisting of a dataset, an encoder, and a projection node, converge
on a shared LLM backbone. The LLM node additionally pins a revision, fixing the
referenced Hugging Face artifact to a specific commit.

1 {
2 "project_meta": {
3 "id": "thesis-demo-project-001",
4 "name": "MLLM␣Project",
5 "created_at": "2025-11-27T14:00:00Z"
6 },
7 "training_config": {
8 "trust_remote_code": false,
9 "export_formats": ["runtime"],

10 "max_seq_length": 2048,
11 "epochs": 2,
12 "batch_size": 16,
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13 "learning_rate": null,
14 "accumulation_steps": 2,
15 "max_steps": null,
16 "validation_ratio": null,
17 "eval_dataset_id": null,
18 "seed": 42,
19 "use_subprocess": false
20 },
21 "nodes": [
22 {
23 "id": "dataset_vision_1",
24 "type": "dataset",
25 "dataset_id": "jxie/coco_captions",
26 "column_mapping": {
27 "input_columns": { "image": "vision" },
28 "target_column": "caption"
29 },
30 "revision": null
31 },
32 {
33 "id": "dataset_audio_1",
34 "type": "dataset",
35 "dataset_id": "AudioLLMs/audiocaps_qa_test",
36 "column_mapping": {
37 "input_columns": { "context": "audio", "instruction": "text" },
38 "target_column": "answer"
39 },
40 "revision": null
41 },
42 {
43 "id": "encoder_vision_1",
44 "type": "encoder",
45 "model_id": "google/siglip2-so400m-patch14-384",
46 "modality": "vision",
47 "input_arg": "pixel_values",
48 "revision": null
49 },
50 {
51 "id": "encoder_audio_1",
52 "type": "encoder",
53 "model_id": "facebook/wav2vec2-base-960h",
54 "modality": "audio",
55 "input_arg": "input_values",
56 "revision": null
57 },
58 {
59 "id": "bridge_vision_1",
60 "type": "projection",
61 "architecture": { "layers": 2, "nodes_per_layer": 4096 },
62 "inputs": {
63 "source_model": "encoder_vision_1",
64 "training_data": "dataset_vision_1"
65 }
66 },
67 {
68 "id": "bridge_audio_1",
69 "type": "projection",
70 "architecture": { "layers": 1, "nodes_per_layer": 4096 },
71 "inputs": {
72 "source_model": "encoder_audio_1",
73 "training_data": "dataset_audio_1"
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74 }
75 },
76 {
77 "id": "llm_1",
78 "type": "llm",
79 "model_id": "Qwen/Qwen3-1.7B",
80 "load_in_4bit": false,
81 "max_seq_length": 1024,
82 "inputs": { "connected_bridges": ["bridge_vision_1", "bridge_audio_1"] },
83 "revision": "70d244cc86ccca08cf5af4e1e306ecf908b1ad5e"
84 }
85 ]
86 }

Listing A.1: Complete JSON configuration exported from the two-modality design shown
in Figure 4.3.
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